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1. Artificial Intelligence and Machine Learning in Nuclear Medicine

Machine learning (ML) is a branch of artificial intelligence (Al) that uses algorithms trained on
available observations in order to predict the output of future input data [1]. These ML models can
differ greatly in terms of their complexity and predictive capabilities, and models with higher
performance tend to be more complex and computationally challenging [2]. Generally, there is also
a trade-off between the performance of a model and its interpretability (i.e. the degree to which
humans can understand the reasoning behind the predicted values): algorithms with better
performance are usually less interpretable.

ML applications need to process large amounts of data such as medical images, histopathologic data,
genetic data, laboratory test results, and patients’ clinical histories [3]. Each data point within a dataset
can have a variable number of attributes or features. The number of features determines the
“dimensionality” of a data point in the feature space (i.e. the n-dimensional spatial representation of
the collection of properties related to the phenomenon under study). The higher the dimensionality of
a dataset, the more computationally challenging it is to visualize the feature space and identify
significant patterns. However, this problem can be mitigated by applying dimensionality reduction
techniques to reduce the number of features. In ML, data are usually divided into three subsets:
training, validation, and testing. Training data teach the model, validation data fine-tune
hyperparameters (i.e. variables used to control and optimize the model learning process), and testing
data measure the performance of the trained model.

Based on the availability of known outputs in the training data, ML can be classified into two main
categories: supervised and unsupervised learning [4]. ‘Supervised learning’ refers to ML models in
which the algorithms are fed data containing both the observations and the corresponding known
output values; the knowledge derived from the training dataset can then be used to predict the
classification or output value of previously unseen data points. Depending on the type of predicted
outcome, supervised learning can be further divided into two main categories: (i) classification
models for categorical variables and (ii) regression models for continuous output values. Examples
of supervised learning include linear regression, support vector machines, random forests, and
artificial neural networks (ANNSs). On the other hand, unsupervised learning models are able to
identify patterns among observations with no prior knowledge of their classification or output.
Unsupervised algorithms can thus be used to identify similarities or patterns among the data or to
perform data compression and reduce the number of features required for outcome prediction.
Examples of unsupervised ML algorithms include k-means clustering and principal component

analysis. Figure 1 illustrates a simplified classification of ML algorithms.



Figure 1. Schematic classification of supervised and unsupervised machine learning models.
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1.1. Supervised Machine Learning

1.1.1 k-Nearest neighbors

K-Nearest Neighbors (kNNs) is a simple model that stores labeled data points (training data) into an
n-dimensional feature space and then classifies new unseen observations based on the labels of a k
number of closest neighbors (Figure 1.1.1.1). That means that in order to classify a new case (e.g.
predict the treatment outcome of a patient), the algorithm will find the K closest cases in the training
dataset (i.e. the "neighbors” with similar feature values) and look at their classification (i.e. known
outcomes): the classification of the new case (i.e. predicted outcome) will then be assigned based on
the most frequent value among its K neighbors. Multiple metrics can be used to evaluate the distance
between two data points to identify the closest neighbors such as Euclidean, Manhattan, and
Minkowski. The Euclidean distance is calculated as the square root of the sum of the squared
differences between two vectors, and it can be used for data points with numerical values (floating
point or integer values). The Manhattan distance, on the other hand, is calculated as the sum of the
absolute differences between two real-valued vectors and is preferably used for vectors in an integer
feature space. Finally, the Minkowski distance is a generalized metric that introduces a parameter p
(called “order”) which allows for different distance metrics to be calculated. When p is set to 1, the

formula is equal to the Manhattan distance, while when p is set to 2, it mirrors the Euclidean distance.

Euclidean Manhattan Minkowski

1
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Although the KNNs model has a low computational cost, it also has some limitations. Specifically,
this model cannot learn to identify the most relevant parameters for the prediction of outcomes
amongst all the available features. Therefore, the results will be highly influenced by noise.
Furthermore, it scales poorly with the feature and data sizes, making it unsuitable for large or complex

data sets.

Figure 1.1.1.1. K-nearest neighbors (kNNs) model: a new data point (triangle) is assigned to a
category based on the labels of its adjacent neighbors. The results can vary depending on the

selected k value (hyperparameter).
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1.1.2 Naive Bayes Classification

The naive Bayes classification is a supervised algorithm based on the application of the Bayesian
formula for conditional probability in which features are assumed to be conditionally independent of
one another. The classification of new items is performed by analyzing their features and computing
the class that maximizes a likelihood function. The hyperparameters of this model are represented by

the distribution mean and variance of each class. The computational cost for this model is low.

1.1.3 Random Forests and Gradient Boosting Frameworks

A random forest is a supervised algorithm that can be used for either classification or regression
problems. This model is based on the creation of a series of decision trees by selecting random subsets
of cases and features from the training dataset. When new data points are inserted into the model, the
final predicted output is represented by the most common result among all decision trees (Figure
1.1.3.1). Model endpoints can be either a label for classification tasks or numeric for regression



problems. The number of observations used to generate the decision trees is a model hyperparameter
and can be fine-tuned in order to increase the model performance.

Decision trees are not only used by random forest models but also by gradient boosting frameworks.
The main difference is that random forest algorithms work by building multiple deep decision trees
in parallel exploiting a bagging strategy to reduce overfitting. On the contrary, gradient boosting
algorithms such as XGBoost or CatBoost create a multitude of shallow decision trees (weak
predictors) in a sequence and improve by learning from the errors of the previous models.

Figure 1.1.3.1. Random forest example. Multiple decision trees are generated after randomly
selecting n subsets of patients and k features from the starting dataset. New observations are then
classified according to the majority decision based on the predicted values of each decision tree.

Tree 1 Tree 2 Tree n
Predicted value 1 Predicted value 2 Predicted value n

I

Average predicted value

1.1.4 Linear Regression

Linear regression models are supervised algorithms that can be used for regression problems and
are based on the identification of the n-dimensional hyperplane (which corresponds to a line in one
dimension) that best fits a training dataset with n-dimensional continuous features (Figure 1.1.4.1).
The model performance can be evaluated with the mean square error or R? between the known outputs

and the model predicted values. Regression models tend to have a low computational cost.

Figure 1.1.4.1. Representation of a linear regression model and a nonlinear approach. (A) The m2
linear model has a better fit than the m1 model since it minimizes the misclassification rate (cost
function). (B) Data distribution better suited for a nonlinear approach, which reduces

misclassification.



1.1.5 Support Vector Machines

A support vector machine (SVM) is a supervised algorithm that can be used for either binary
classification or regression problems. The algorithm works by identifying the curve (or hypersurface
in case of multi-dimensional data) that best separates two classes and maximizes the distance from
the closest points of each class (Figure 1.1.5.1). After model training is completed, SVMs generally
require low computational resources.

Figure 1.1.5.1. Illustration of a support vector machine model. The solid line represents the
hyperplane that maximizes the distance between the “support vectors” (solid colors), defined as the

closest data points of each category.

y

1.1.6 Artificial Neural Networks

Avrtificial neural networks (ANNS) are typically supervised models suitable for both classification and
regression problems. ANNs consist of many interconnected layers of computational units (neurons)
which process input data and send the output on to deeper layers, which in turn propagate the signal
to the last output layer (Figure 1.1.6.1). The computation performed at each level involves the
summation of weighted inputs followed by the application of a nonlinear activation function (e.g. a

10



sigmoidal function). The simplest ANN architecture is the “feedforward” neural network, in which
the information is propagated through the layers from the input up to the output layer, and the system
doesn’t retain a memory of its past state. To learn, ANNSs exploit gradient-based algorithms — known
as backpropagations — a process through which they can adjust the weights applied at each layer by
taking into account the error of the generated output (i.e. the difference between the predicted
outcome and the known output). Recurrent neural networks (RNNs) are a type of ANNSs dedicated to
analyzing sequential data since each system state derives from the combination of the previous state
with the current signal.

ANNs are among the most powerful ML models, but they have a high computational cost. The
number of hidden layers between the input and output layers differentiates shallow learning systems
(with one or a few hidden layers) from deep neural networks (DNNs) with many hidden layers. DNNs
can solve complex problems, and each DNN layer can be designed to perform a specific task (e.g.
image segmentation, lesion identification). However, DNNs are also more computationally
demanding due to their complex structure and require large amounts of training data. Data-
augmentation procedures, image dimensionality reduction, and transfer learning techniques can be
used to overcome this limitation. Finally, convolutional neural networks (CNNSs) represent a type of

DNNs which use convolutional layers and are suitable for image-processing applications.

Figure 1.1.6.1. Sample structure of an artificial neural network (ANN). Two interconnected hidden

layers of 4 neurons (circles) separate the input and output layers.
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1.2. Unsupervised Machine Learning

1.2.1 Principal Component Analysis

Medical applications often deal with high-dimensional data (i.e. a high number of features for each
data point), as in the case of transcriptomic, metabolomic, proteomic, and other ‘omics’ data.
However, working with high dimensional feature spaces poses some problems for both data
visualization and data analysis. In order to mitigate these problems, dimensionality reduction
techniques might be applied, such as principal component analysis (PCA) or a neural network-based
autoencoder. Dimensionality reduction can compress and filter relevant features that can be used to
reconstruct the initial data without significant data loss, while preserving the dataset variability and
the relative distances between adjacent data points (Figure 1.2.1.1). Furthermore, dimensionality

reduction can drop non-relevant features and reduce noise, thereby improving the model performance.

Figure 1.2.1.1. Example of dimensionality reduction with principal component analysis (PCA). (A)
The highest proportion of the data variability is distributed along the x1 axis. (B) Data dimensionality
is reduced by discarding the y: feature and compressing the data points along the x; axis.

A B

Y y

1.2.2 Clustering

Clustering algorithms group patients in disjoint sets by the similarity of the observed features. They
include k-means clustering, density-based clustering, and hierarchical clustering.

K-means clustering works by randomly placing a pre-specified k number of cluster centers in the
feature space and then repeatedly assigning data points to the closest cluster center. Finally, the cluster
centers positions are iteratively updated based on the newly assigned data points until convergence is
reached (Figure 1.2.2.1, panes A-B). Despite its simplicity, k-means clustering is strongly influenced
by the k parameter, which is often unknown.

Density-based clustering methods — such as density-based spatial clustering of applications with

noise — do not require setting a specific number of clusters. Instead, the higher density regions of
12



the feature space are categorized as clusters, whereas lower density regions are labeled as noise.
Differently from k-means clustering, this approach also allows to create non-convex clusters as seen
in Figure 1.2.2.1, pane C.

Finally, hierarchical clustering works by computing the distances between all data points and then
iteratively grouping the nearest data points into pairs and clusters. The resulting tree-like structure is

called a dendrogram. Hierarchical clustering is often used to analyze gene expression patters.

Figure 1.2.2.1. lllustration of clustering algorithms. (A-B) Distribution of unlabelled data points in
the feature space and corresponding k-means clustering classification (k-value = 3). (C)
Representation of a density-based clustering approach, which allows for non-convex clustering
without predefining a k-value.
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1.3. Model performance

The predictive accuracy of a model can be evaluated with a “cost function” or “loss function” that
measures the distance of the predicted values from the known outputs. The performance of ML
models also frequently depends on some parameters called “hyperparameters” that can be fine-tuned

after initial setup to improve the model predictive accuracy.

Model fitting

Model fitting is a measure of how well a machine learning model generalizes to data similar to the
observations with which it was trained. A “well-fitted” model is able to accurately approximate the
outcome when it is provided with new unseen input data. On the contrary, both “overfitting” and
“underfitting” can lead to poor performance. Overfitting happens when a model learns from the
random fluctuations and the noise present in the training data to the point that the model performance
on new data is negatively affected. Indeed, since these fluctuations are not representative of the true

relationships between input and output variables, this phenomenon will negatively impact the model

13



ability to generalize. Overfitting may occur when the model’s complexity is too high or too many

features selected over a small dataset. Overfitting models are also defined as having high variance.

Underfitting, in contrast, refers to a model that cannot sufficiently approximate the training data and

therefore cannot generalize new data. This can occur when the model is too simple or when the

selected features do not have a strong predictive role. In this case, we can also talk about high bias.

The underfitting/overfitting problem is also referred to as the bias/variance trade-off, since increasing

the model complexity will minimize the predicted error and decrease bias but will also inevitably

increase variance. The aim of model fitting is thus to estimate the best model parameters that will

minimize the distance between the predicted outcomes and the actual data by minimizing the “loss

function” (or “cost function™).

Different metrics can be chosen to measure the predictive error of the model and find the optimal

value for hyperparameters. For regression models, we typically use the mean squared error.

Alternatively, optimization algorithms such as gradient descent can also be used to solve for the best

parameter values by iteratively minimizing the cost function by moving in the direction of the steepest

descent. For binary classification models, performance metrics can be derived from the “confusion

matrix” (Figure 1.3.1):

* Precision: the ratio of true positives to the total number of predicted positive values

* Recall (true positive rate, TPR): the ratio of correct positive predictions to the total number of
positive cases.

» False positive rate (FPR): the ratio of misclassified negative values to the total number of negative
values.

* Accuracy: the number of correctly classified cases divided by the total number of cases.

* Area under the ROC curve (AUC): identifies the parameters that maximize the TPR and minimize
the FPR.

Figure 1.3.1. Common performance metrics for binary classification problems defined on the

confusion matrix.

Observed values

ili 0
Precision
1 True Positive (TP) False positive (FP) TP
Predicted TP FP
values False Negative Rate
O  False Negative (FN)  True Negative (TN) FN
TN+ FN
Recall False Positive Rate Accuracy
TP FP TP+ TN
TP + FN TN + FP TP+ TN + FP+ FN
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Cross validation

In order to identify the best fitting algorithm, the starting dataset should be divided into three subsets:
training, validation and testing. First, the training subset is used to train multiple ML models, then the
validation dataset allows to compare their performance and optimize the hyperparameters, and finally,
the selected models are tested on the test dataset to assess the generalization error (or test error).
Although using a fully independent validation dataset is the gold-standard, resampling techniques
such as k-fold cross-validation can be used if the sample size of the starting dataset is too low. The
k-fold cross-validation method has a single hyperparameter k that corresponds to the number of
groups into which the starting dataset is split (after initially putting aside a subset for final testing).
For each iteration of the process, the kth group is used once for test while the remaining k-1 groups
are combined to form the training dataset, as detailed in Figure 1.3.2. After repeating the process k

times, the performance scores obtained from each subset are averaged.

Figure 1.3.2. lllustration of the iterative process of a k-fold cross validation technique (k = 5).

I:] Validation subset
K-value =5
]:] Training subset

Round 1 Round 2 Round 3 Round 4 Round 5

1.4. Radiomics: machine learning applied to biomedical imaging

Biomedical imaging is swiftly gaining interest in the context of precision medicine thanks to the
potential of radiomic analyses and machine learning techniques for the development of clinical-
decision support systems (CDSS). Radiomics consists in the extraction of quantitative features from
medical images able to provide information on multiple tumor characteristics, such as gene
expression/mutational patterns, cancer phenotype, and clinical endpoints like treatment response or
prognosis [5].

A variety of radiomic features can be extracted from medical images, including statistical
(histogram-based and texture-based), model-based, transform-based, and shape-based features. A
more detailed description is provided in Panel 1.4.1. After features extraction, post-processing
harmonization techniques can be used to balance the effect of different acquisition and reconstruction

parameters on the values of radiomic features.
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Panel 1.4.1. Schematic overview of radiomic features that can be extracted from medical images.

e Histogram features are basic statistical features that include gray-level
mean/maximum/minimum, variance, SUV max/mean/peak, and more complicated
parameters such as skewness, kurtosis, entropy, and uniformity. For example, skewness
quantifies the asymmetry of the data distribution, whereas kurtosis estimates the difference
compared to a gaussian distribution due to outliers.

e Texture features are based on the absolute gradient (AG), gray-level cooccurrence matrix
(GLCM), run-length matrix (GLRLM), size zone matrix (GLSZM), distance zone matrix
(GLDZM), neighborhood gray-tone difference matrix (NGTDM), and neighborhood gray-
level dependence matrix (NGLDM). AG provides information on the fluctuations of the
gray-level intensity across adjacent pixels or voxels. GLCM describes the spatial
relationships of pairs of pixels or voxels with a specific gray-level intensity and a fixed
distance. GLRLM and GLSZM, instead, reflect the spatial distribution of runs or groups
(zones) of adjacent pixels with the same gray-level intensity in the two-dimensional or
three-dimensional space. Finally, NGTDM and NGLDM express the gray-level differences
between a pixel or voxel and its neighboring pixels or voxels.

e Model-based features are derived from parameterized models fitted to the region of interest
(ROI) that depict the signal spatial shape. Examples include the autoregressive approach
and fractal analysis.

e Transform-based features are based on image decomposition through wavelet transforms
(e.g. Fourier, Gabor, and Haar). The Haar wavelet transform, for instance, uses high-pass
and low-pass filters to emphasize or smooth image details.

e Shape-based features are used to describe geometric properties of ROIs, such as diameters,

compactness, and sphericity.

The extracted radiomic features often show a high degree of redundancy, and their inclusion in a
predictive model would thus result in overfitting and low performance. Therefore, some of the
features need to be discarded or grouped together through dimensionality reduction techniques such
as principal-component or linear discriminant analysis. Although radiomic features may be analyzed
independently, the large amount of information contained in the whole features dataset is best suited
to be analyzed as a whole through machine learning techniques. Indeed, radiomic data represent
mineable high-dimensional data that can be combined with other data types (such as clinical,
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laboratory, histologic, and ‘omics’ data) to discover novel disease biomarkers or molecular pathways
as well as factors that are predictive or prognostic of patient outcome.

There are several areas in which machine-learning-based analysis of radiomic features extracted from
molecular hybrid imaging techniques (e.g. PET/CT) has shown promising results [6,7], including

radiogenomic cancer profiling, tumor heterogeneity assessment, and clinical outcome prediction.

Radiogenomic studies

Radiogenomics makes use of radiomic features to correlate imaging phenotypes to specific gene-
expression patterns. Unlike standard tissue sampling procedures for genomic analysis, which require
an invasive approach and are limited by tumor heterogeneity, radiomics allows the simultaneous non-
invasive evaluation of all tumor lesions and can account for intratumoral heterogeneity.
Radiogenomic features could therefore potentially represent independent biomarkers with a

predictive and prognostic value [8].

Tumor heterogeneity assessment

Histological tumor heterogeneity has been proposed as a prognostic factor with an impact on patient
survival [9]. Indeed, tumor heterogeneity may be associated with a high mutational load and,
consequently, with a variable degree of treatment sensitivity. In this context, radiomic features can
be used to evaluate intratumoral heterogeneity across the entire tumor volume through the exploration

of the distribution and uptake of various radiopharmaceuticals [10,11].

Clinical outcome prediction

Radiomic features have also been suggested to predict clinical endpoints, such as early treatment
response [12] and patients’ survival [13]. In this setting, A[delta]-radiomics, which quantifies the
evolution of radiomic features across multiple imaging scans during treatment, is of particular interest
for treatment response assessment [14]. The information provided by radiomic features could thus
improve patient stratification and help clinicians select the most appropriate treatment.

Despite these promising results, radiomic analyses are also limited by some technical obstacles.
First, radiomic features are influenced by image acquisition parameters and reconstruction
algorithms; therefore, there is a need to standardize image acquisition protocols and develop image
processing techniques that account for inter-scanner variability. Second, radiomic features are
sensitive to segmentation methods [15], and an accurate description of the segmentation process
(whether manual or semi-automatic) should be provided. Moreover, researchers should disclose
precise details of the radiomic features extraction process in order to ensure the reproducibility and

replicability of radiomics studies. Finally, internal or external validation must be performed in order
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to ensure the robustness of the extracted radiomic features and the generalizability of the radiomic

model.

1.5. Machine learning applications in targeted radionuclide therapy

1.5.1. Peptide receptor radionuclide therapy (PRRT)

Neuroendocrine tumors (NETs) are a heterogenecous group of malignancies and
gastroenteropancreatic (GEP) NETs represent the most common subtype (up to 70% of all NETSs).
Based on clinical behavior, histology, and proliferation rate, NETs can be divided into well
differentiated and poorly differentiated forms: this classification is highly relevant for treatment
selection since poorly differentiated forms are more aggressive and are associated with a higher risk
of distant metastases, faster progression, and a worse long-term prognosis. Targeted molecular
imaging of somatostatin receptor expression via ®Ga-based PET/CT (SSTR-PET/CT) has become a
valuable diagnostic tool for accurate disease staging, and peptide receptor radionuclide therapy
(PRRT) with radiolabeled somatostatin analogues represents an effective treatment strategy in the
case of metastatic or inoperable NETs. Yet while PRRT is effective in most cases, up to 15-30% of
patients show disease progression due to treatment resistance [16].

Currently, response assessment to PRRT is still suboptimal due to the histological heterogeneity of
NETs and the variability in their expression of the somatostatin receptor. Furthermore, innovative
approaches such as the neuroendocrine neoplasms test — NETest, a multianalyte liquid biopsy that
measures neuroendocrine tumor gene expression in blood — are still limited by high costs and
restricted availability. Therefore, the development of new quantitative imaging parameters could not
only help to objectively assess PRRT response but also to identify candidates eligible for PRRT based
on the predicted treatment outcome, thus avoiding the costs and toxicities of ineffective treatments.
In this context, radiomics and machine learning represent a promising approach to extract quantitative
features from hybrid imaging that could support medical decisions by providing information about
tumor molecular heterogeneity, the likelihood of PRRT response, and patient outcomes. In a recent
study, Laudicella et al. developed a radiomic predictive model of therapy response by analyzing
[%8Ga]Ga-DOTA-TOC PET/CT images collected before and after ['7’Lu]Lu-DOTA-TOC PRRT in
patients with well differentiated, progressive, metastatic GEP NETs [17]. Discriminant analysis and
k-fold cross-validation were used to build a classification model based on 65 radiomic features
automatically extracted from each lesion and five clinical features: tumor grading, number of PRRT
cycles, PRRT cumulative activity, and CgA values before and after treatment. The combination of
two PET features (skewness and kurtosis) and one clinical feature (grading) was able to predict the
response of lesions to PRRT (progression vs. stable disease or partial/complete response) with an area

under the ROC curve (AUC), sensitivity, and specificity of 0.74, 66%, and 70%, respectively. The
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best predictive results were achieved using the skewness feature, which had an AUC, sensitivity, and
specificity of 0.75, 81%, and 67%, respectively. On the contrary, the SUVmax value of lesions was
not a significant predictor of their response to PRRT (AUC 0.52, sensitivity 37%, specificity 63%).
At A[delta]-radiomics analysis, PRRT response was associated with a mean reduction in skewness
and an increase in kurtosis, while progression was associated with an increase in both skewness and
kurtosis. The potential role of these features in predicting response to PRRT is in line with the
previous evidence acquired by Onner et al. in a cohort of 22 GEP NET patients [18]. Considering 326
lesions, these two features were shown to have significantly higher values in non-responder patients,
although with only moderate to low accuracies upon ROC curve analyses.

Other studies have also investigated the application of radiomics and machine learning to the
prediction of response to PRRT [19,20]. Werner and colleagues investigated the prognostic value of
imaging-based heterogeneity assessment in 141 patients with NETs undergoing SSTR-PET/CT and
eligible for PRRT [20]. In this study, radiomic features were shown to be significantly different
between PRRT responders and non-responders, outperforming the predictive value of conventional
PET parameters (e.g. SUVmax). Furthermore, the entropy feature was independently associated with
progression-free survival (PFS) and overall survival (OS), while skewness was significantly
associated with OS.

Although machine learning applications in hybrid imaging analysis have shown promising results,
supervised machine learning requires large amounts of high-quality labeled data. However, accurate
labeling of clinical data and medical images by experienced nuclear medicine physicians is time and
resource consuming.. This issue could be partially addressed by using deep convolutional generative
adversarial networks (DCGANSs) to perform synthetic data augmentation [21]. In DCGANSs, one
network continuously creates artificial images, while the other network keeps learning to discriminate
between artificial and real images and performs data labeling. Therefore, DCGANSs could be applied
to theranostics to expand existing datasets of conventionally labeled SSTR-targeted PET/CT scans
and facilitate machine learning applications.

Besides radiomic features, the analysis of gene expression patterns in pre-treatment blood samples of
patients undergoing PRRT has shown great promise for discriminating between responders and non-
responders [22—25]. The neuroendocrine neoplasms test (NETest) is a multianalyte liquid biopsy that
measures neuroendocrine tumor gene expression in blood, providing a unique signature that precisely
defines the biological activity of the tumor in real time. The NETest uses supervised machine learning
algorithms — including support vector machines, linear discriminant analyses, k-nearest neighbors,
and the naive Bayes algorithm — to provide diagnostic, prognostic and predictive information. To
better predict the efficacy of PRRT, a combination of tumor grading and a specific variant of the

NETest gene signature (encompassing growth factor signaling and metabolomic gene expression)
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called the “PRRT predictive quotient” (PPQ) has been developed. The PPQ reached an AUC of 0.90
+ 0.07 and an accuracy of 94% for predicting PRRT response [24], and its predictive performance
was later validated in three independent PRRT-treated cohorts yielding an accuracy of 95% [25].

Machine learning techniques have also been used to personalize PRRT treatments through
individualized dosimetry approaches. Gotz et al. investigated a new machine-learning-based
dosimetry method to estimate the absorbed radiation dose to the kidneys in 13 patients undergoing
PRRT [26] . Full whole body Monte Carlo simulations were used to train a 3D convolutional U-Net
neural network to predict dose voxel kernels (DVK) from given TC-based tissue-specific mass
density kernels. The predicted DVKs were then combined with the related time-integrated activity
maps to estimate the dose distribution at a voxel resolution. Overall, the deep-learning approach
proved to be an accurate and reliable solution to estimate the absorbed radiation dose in critical organs
such as the kidneys, showing a faster computing time and a higher spatial resolution compared to

complete Monte Carlo simulations.

1.5.2. ['""Lu]Lu-PSMA-617 and [>**Ra]RaCl: therapies

Targeted radionuclide therapy with prostate-specific membrane antigen (PSMA)-targeted
radiopharmaceuticals is gaining importance in the management of patients with advanced prostate
carcinoma. Specifically, [!"’Lu]Lu-PSMA-617 is an especially promising therapeutic in patients with
metastatic, castration-resistant prostate cancer (mCRPC) who have exhausted (or are ineligible for)
approved alternative options and have adequate PSMA uptake on the basis of a pre-therapy imaging
scan. The advantages of PSMA-based radiopharmaceuticals include high binding affinity, high
internalization within tumor cells, prolonged retention time in tumor tissue, and rapid kidney
clearance.

Recently, the VISION study — a prospective randomized open-label multicenter phase III study —
evaluated the safety and efficacy of ['""Lu]Lu-PSMA-617 (7.4 GBq administered by i.v. infusion
every 6 weeks for a maximum of 6 cycles) plus investigator-chosen best standard-of-care versus best
standard-of-care alone [27]. According to preliminary results, TRT with [!"’Lu]Lu-PSMA-617
significantly improved both radiographic progression-free survival (median rPFS 8.7 vs 3.4 months)
and overall survival (median OS 15.3 vs 11.3 months) in a cohort of 831 mCRPC patients with a
positive PSMA-PET scan and progression after prior taxane and androgen receptor-directed therapy
(ARDT). However, up to 30% of patients show resistance to PSMA-based TRT and could benefit
from alternative treatment strategies. Therefore, efforts should be made to identify predictive factors
of treatment response to [!”’Lu]Lu-PSMA-617 in order to improve patient selection.

A retrospective analysis by Moazemi et al. investigated the use of machine learning models to predict

response to treatment with ['7’Lu]Lu-PSMA-617 based on radiomic features extracted from pre-
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therapeutic [®3Ga]Ga-PSMA-11 PET/CT scans and clinical parameters [28]. The study cohort
included 83 patients with advanced prostate cancer eligible for treatment with ['”’Lu]Lu-PSMA-617
and previously scanned with a [%*Ga]Ga-PSMA-11 PET/CT. Results showed that some features of
both PSMA-PET and low-dose CT (first/higher order statistics and textural features) as well as three
clinical parameters (serum alkaline phosphatase, time from first diagnosis, and Gleason score) had
strong correlations with PSA decrease after treatment and therefore could represent a surrogate
marker of therapy response. Among the five tested machine learning algorithms — linear kernel
support vector machine (SVM), polynomial kernel SVM, radial basis function (RBF) kernel SVM,
extra trees, and random forest — the SVM classifiers showed the most consistent predictive
performances. Specifically, the overall best accuracy scores (AUC 80%, sensitivity 75%, and
specificity 75%) were obtained applying RBF SVM to the group of radiomic features and clinical
parameters reported above. Overall, these results show that a machine learning approach based on
[*%Ga]Ga-PSMA-11 PET/CT radiomic features could improve the prediction of response to treatment
with ['"’Lu]Lu-PSMA-617, leading to more accurate patient selection. However, the validation of
such preliminary results in larger prospective cohorts is still needed.

Another potential application of machine learning to PSMA-targeted TRT is the development of more
personalized treatments based on individualized dosimetry. As previously mentioned, Gotz et al.
investigated new machine-learning-based dosimetry methods to estimate the absorbed radiation dose
in the kidneys of 13 patients undergoing therapy with ['”’Lu]Lu-PSMA-617 (plus 13 patients
undergoing ['”’Lu]Lu-DOTA-TOC therapy) [26,29]. Overall, the deep-learning approach proved to
be an accurate and reliable solution to estimate the absorbed radiation dose in critical organs
compared to complete Monte Carlo simulations.

Another promising application of artificial intelligence in the field of prostate cancer TRT is the
automatic segmentation of pathological lesions in biomedical images and the evaluation of their
response to treatment. Artificial neural networks have been used in metastatic prostate cancer patients
undergoing TRT to identify skeletal lesions and compute the bone scan index (BSI), a parameter that
can quantify the extent of bone involvement and measure treatment response. In this context, Naito
and colleagues evaluated the performance of automated BSI in a cohort of 20 mCRPC patients treated
with [??Ra]RaCl, [30]. Radium-223 is an alpha-emitting isotope that has been shown to improve
overall survival, reduce bone pain, and delay symptomatic skeletal events in patients with metastatic
castration-resistant prostate cancer (mCRPC). Automated neural-network-based BSI was proven to
be a useful prognostic biomarker, with significantly longer overall survival in patients with a BSI
decrease after treatment. This is in line with other literature evidence in which the BSI, calculated
with a computer-assisted artificial neural network system, proved to be a significant prognostic factor

in metastatic CRPC patients treated with either chemotherapy or TRT [31,32]. Other evidence also
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suggests that BSI may not only be a prognostic factor but could also have a role in predicting
biochemical response (measure by alkaline phosphatase reduction) to radium-223 therapy based on

the pre-therapy bone scan [33].

1.5.3. [131I]I and other radionuclide therapies

Artificial intelligence and machine learning techniques have also shown promising results when
applied to other targeted radionuclide therapies such as the treatment of well-differentiated thyroid
cancer and hyperthyroidism with iodine-131 and the hepatic radioembolization of primary and

metastatic liver tumors with yttrium-90 microspheres.

Radioiodine ["*'1]I therapy

Thyroid cancer is one of the most common endocrine malignancies. Differentiated thyroid cancer
(DTC) represents more than 90% of all thyroid carcinomas, with 85% of DTC being of papillary
histotype. Patients with DTC generally undergo thyroidectomy followed by radioiodine (RAI)
remnant ablation with iodine-131. Although DTC usually has an excellent prognosis following
thyroidectomy and RAI therapy, some patients show RAI resistance and may benefit from different
treatment strategies. The identification of factors associated with a higher risk of RAI failure may
improve patient risk stratification and subsequent management.

In this context, Lubin et al. developed a machine-learning algorithm with the Python scikit-learn
library to determine the clinical factors associated with a higher likelihood of RAI treatment
resistance in a cohort of 107 DTC patients who underwent surgical resection and RAI treatment (mean
administered activity of 105 mCi) [34]. After a mean follow-up of 15 months, 46/107 patients showed
treatment failure defined as persistent elevation of Tg values (i.e. biochemical incomplete response)
or persistent loco-regional/distant metastases at follow-up imaging (e.g. RxWBSs or ['*F]JFDG
PET/CT) (i.e. anatomic incomplete response). Using a multivariable logistic regression machine
learning analysis and a random forest classifier, the following clinical factors were proven to be
significantly associated with RAI treatment failure: elevated serum thyroglobulin (Tg) and TgAb
levels before RAI [relative risk (RR): 1.82], multifocal gland disease involvement (RR: 1.73),
advanced stage of disease (RR: 1.91 for lymph node involvement), and administered activities greater
than 160 mCi (RR: 2.12). In addition, the machine learning approach allowed for the identification
of more predictors compared to the standard multivariate regression analysis. Specifically, pre-RAI
Tg and Tg-antibody levels as well as the administered activity of iodine-131 achieved statistical
significance only in the machine learning analysis. Despite the limitations of the study — its

retrospective nature and the small sample-size (which predisposes to overfitting issues) — these
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findings could help to better stratify patients for RAI treatment, thus improving their clinical
management and quality of life.

Artificial intelligence applications could also be leveraged to develop clinical decision support
systems (CDSS) able to guide physicians in performing evidence-based personalized treatment
decisions. Watson for Oncology (WFO) is an example of an Al-based CDSS for oncological therapy
selection [35]. Kim et al. investigated the accuracy of WFO in recommending postsurgical RAI
therapy by comparing its concordance with physicians [36]. The overall concordance rate was only
77%, with significantly lower values in patients with American Thyroid Association (ATA)
intermediate-risk and TNM stage III disease compared to those with ATA low-risk and stage I disease.
Although these results do not justify the routine adoption of WFO for the screening of patients with
DTC, they represent a promising starting point for future CDSS-oriented projects.

In addition to proper treatment selection and recommendation, a more accurate stratification of
patients with DTC could help predict the risk of disease recurrence and identify patients that could
benefit from a closer follow-up. Indeed, despite the overall good prognosis of DTC, recurrence rates
between 12 and 20% have been reported for DTC, and the ATA guidelines describe several factors
that can affect the risk of recurrence, including extrathyroidal extension, lymph node involvement,
multifocality, and BRAF gene mutation status [37]. Kim and colleagues investigated the use of
machine learning to predict the recurrence of thyroid cancer from a combination of clinical
parameters: pathological information (cancer size, multiplicity, extrathyroidal extension, nodal
involvement, presence of thyroiditis), genetic information (BRAF gene mutation), laboratory tests
results (fT4, TSH, Tg, TgAb, anti-TPO Ab before and after surgery), and RAI treatment data [38].
Inductive logic programming (ILP) was applied to a dataset comprised of 785 patients with DTC
treated with total thyroidectomy and RAI with a minimum follow-up of at least 5 years. This
technique allowed to identify 8 rules to predict the recurrence of DTC which showed an average
accuracy of 95%. In the validation group, the computed algorithm correctly predicted 71% of positive
cases and 98% of negative cases. However, despite these promising results, similar predictive tools
will first need to undergo extensive validation before routine clinical use.

Similarly to previous studies, machine learning techniques have also been applied to the investigation
of hyperthyroid patients treated with RAI. Recently, Duan et al. tested a series of machine learning
algorithms for predicting early post-RAI hypothyroidism (<6 months after treatment) in a cohort of
471 patients with Graves' disease treated with calculated activities of iodine-131 (based on ultrasound
determination of the thyroid volume and iodine uptake) [39]. Out of 138 tested clinical and laboratory
features, a multivariate model based on age, thyroid mass, 24 h radioactive iodine uptake (RAIU),
AST, TRAD, thyroid microsomal antibodies (TMA), and neutrophil count demonstrated an AUC of

0.72 (accuracy 71%, sensitivity 75%, specificity 76%) in the training set and an AUC of 0.74 in the
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validation set (accuracy 71%, sensitivity 71%, specificity 74%). Overall, GD patients with early post-
RAI hypothyroidism were found to have significantly higher age, TRAb, TMA, and AST but lower
RAIU, thyroid mass, and neutrophil count.

Finally, other potential applications of machine learning in the field of radioactive iodine therapy
include the use of artificial neural networks for the automatic recognition of ['*!I]I-avid lymph nodes
on post-ablation whole-body planar scans (RxWBSs) [40] and the prediction of the radiation exposure

of patients’ family members and caregivers [41].

Yttrium-90 radioembolization

Transarterial radioembolization is an effective locoregional approach for primary and metastatic
liver tumors based on the injection of *’Y-containing microspheres into selected hepatic arteries. Pre-
treatment planning includes a single-photon emission computed tomography (SPECT/CT) scan after
the transarterial injection of ’™Tc-labeled macroaggregated albumin (MAA) to estimate the
distribution of the dose in both the tumorous and healthy liver (and to quantify any lung shunt or
extrahepatic leak). Post-treatment absorbed dose evaluation is performed using positron emission
tomography (°Y-PET/CT).

Currently, treatment protocols cannot accurately predict the dose distribution since they are based

on simplified dosimetry methods (partition model and MIRD formalism) that assume a uniform
yttrium-90 distribution and do not consider patient-specific parameters or potential discrepancies
between the distributions of the *"Tc-MAA and °°Y-microspheres. In order to improve treatment
planning, Plachouris ef al. investigated the use of a deep learning model [generative adversarial
network (GAN)] to predict the biodistribution of *°Y-microspheres and the absorbed dose in
tumorous/healthy liver tissues on the basis of the pre-treatment **™"Tc-MAA SPECT/CT scan [42].
Comparing the real and predicted data, the machine learning model showed an overall good predictive
accuracy with average differences of 5.4% + 19.3% (8.0 + 31.4 Gy) and 0.4% £ 1.6% (0.03 £ 0.3 Gy)
for the tumor and the whole liver parenchyma absorbed doses, respectively.
Other potential approaches to improve treatment planning include computational fluid dynamics
(CFD) simulations of the hepatic arterial tree [43]. However, similar applications are still limited by
their high computational cost. To address this issue, Taebi et al. trained a convolutional neural network
model with the CFD results of a patient with hepatocellular carcinoma: the model proved to be
significantly faster than CFD simulations in predicting the distribution of yttrium-90, with an average
difference between the actual and predicted data lower than 1% [44].

Finally, machine learning techniques have also been used for prognostic stratification of patients
treated with yttrium-90 radioembolization. Ingrisch et al. implemented a random forest model to

identify prognostic factors for the outcome of yttrium-90 radioembolization based on pretherapeutic
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clinical parameters [45]. Among the collected clinical data — cholinesterase, bilirubin, type of
primary tumor, age at radioembolization, hepatic tumor burden, presence of extrahepatic disease, and
sex — the random forest survival analysis allowed to identify a stronger prognostic role for baseline

cholinesterase and bilirubin.

1.6. Open issues

Machine learning has opened the path towards new approaches for the analysis of medical data and
hybrid images (e.g. PET/CT or PET/MRI). However, several issues still need to be addressed before
its potential application in routine clinical practice. First, machine learning models need to be trained
on large volumes of high-quality data. Extensive access to electronic medical records is therefore
essential, and privacy regulations need to be reconciled with the need to collect large amounts of
medical data. Second, the presence of outliers, missing data, or biases in the training dataset can
negatively impact the generalization capability of models. While missing data replacement and over-
/under-sampling techniques can help mitigate this problem, such approaches could also lead to
overfitting issues. Another problem is the lack of reproducibility of machine learning models when
they are applied across different institutions due to the absence of standardized protocols for the
acquisition of images and structured procedures for the validation of models and the assessment of
generalizability. Finally, a clear legal framework will need to be defined to ensure the safe
development and usage of machine learning systems, and both clinicians and patients will need to

understand the intrinsic limitations of these highly complex and not interpretable algorithms.

1.7. Future perspectives

Nuclear medicine has grown to play a key role in the diagnostic work-up and treatment of numerous
cancers thanks to the continuous development of new radiopharmaceuticals for functional molecular
imaging and targeted therapy. The potential role of nuclear imaging (i.e. radiomic features) as an
independent biomarker is a good complement to the new possibilities offered by technologies such
as big data and artificial intelligence/machine learning, which are particularly well suited for
integrating and analyzing different types of data, including biomedical imaging, clinical histories,
omics data, laboratory test results, and environmental exposure.

As we have discussed, in the field of targeted radionuclide therapy, machine learning models have
been shown to increase lesion detection, improve the baseline risk stratification for patients,
individualize treatment planning, identify predictive factors of treatment response, and discover
prognostic factors. All these capabilities of artificial intelligence should be leveraged in the
development of “Clinical Decision Support Systems” (CDSS), electronic systems designed to aid

physicians in the decision-making process by considering multiple factors, such as the individual
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characteristics of patients, the cost-effectiveness of treatments, the quality of life of patients, and the
risk of adverse reactions. Moreover, the wider diffusion of machine learning applications will also
foster a cultural change in physicians towards a data-science approach, leading to closer and more
effective collaborations with data scientists.

Although the patient-doctor relationship will always be the cornerstone of care delivery, the quality
and cost-effectiveness of medical care is likely to improve in the future thanks to the integration of
the insights obtained from machine learning and clinical decision support systems into clinicians’
workflows.

(Note: the content of this Section has been published in “Rovera G, Fariselli P, Deandreis D.
Artificial Intelligence and Machine Learning. In: Bodei L, Lewis JS, Zeglis BM, editors.
Radiopharmaceutical Therapy. 1st ed. Switzerland: Springer Cham; 2023. p. 499-516”)

2. Project Aim and Objectives

The primary aim of this project was to explore the feasibility of applying artificial intelligence (Al)
and machine learning (ML) techniques in Nuclear Medicine to identify predictive and prognostic
factors in oncological and endocrinological diseases. To establish a versatile and effective strategy
that could be applied across multiple oncological disease models, the project was divided into several
sub-projects, each addressing critical challenges aligned with the primary aim:

- Development of a robust data storage and analysis pipeline to support AI/ML applications,
ensuring efficient and scalable data management (Section 4.1).

- Investigation of the in-vivo biological correlates of PET/CT tracer distribution within an
oncological disease model, emphasizing the potential translation of molecular imaging into
reproducible and quantitative data with predictive and prognostic significance (Section 4.2).

- Creation of a reproducible ML-based solution to extract standardized quantitative data from
PET/CT imaging in an oncological disease model, enhancing data consistency, reliability and
scalability (Section 4.3).

- Development and testing of ML models using clinical data to predict the response to
radiometabolic therapy within a tumor model, aiming to optimize therapeutic outcomes (Section
4.4).

- Identification of predictive and prognostic imaging-based radiomic biomarkers for molecular
radiotherapy response in a tumor model (Section 4.5).

This structured approach provides a comprehensive framework for addressing key challenges and

advancing the use of AI/ML in Nuclear Medicine.
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3. Materials and Methods
Given the subdivision of the overall project into multiple interlinked sub-projects, each addressing a
specific aspect of our research objectives, detailed descriptions of the adopted methodologies are

provided in the respective sections.

4. Results and Discussion
4.1. Development of a novel data pipeline for AI/ML analysis

The availability of large volumes of clinical data has provided clinicians with the opportunity to
perform larger scale analyses, which can generate higher levels of evidence and improve scientific
research. Moreover, the application of data science in the medical field is also paving the way towards
a more personalized medicine in the future, thanks to innovative approaches such as artificial
intelligence and machine learning techniques [46]. However, this scenario has brought forth the need
for an effective strategy of data-storage and data-analysis that is both economically sustainable and
technically feasible in the context of everyday clinical and research practice in medical departments,
with limited resources, time and manpower. Indeed, many departments still rely on local spreadsheet
files, which inevitably fall short when trying to manage and analyze larger volumes of relational data
[47]. Moreover, data processing before the intended analyses should be automated as much as
possible since manually performing this task on large volumes of data would be too time-consuming
for clinicians and also prone to errors (e.g., typos, missing values, format inconsistencies and
duplicate entries). Finally, statistical analyses should be scripted in order to guarantee reproducible
analyses at different timepoints. Thus, there is a need for a widely-usable and effective data-workflow
that would allow clinicians to: collaboratively collect large volumes of structured data in a relational
database, extract subsets of data and carry out the required data manipulation with limited manual
intervention, perform scripted analyses on data subsets retrieved in real-time. Therefore, the aim of
this study was to develop a widely-usable data-collection and data-analysis workflow that could
achieve all the objectives above and could be applied to the research projects of a medical department
to perform high-volume relational data analysis on live data. The primary objective of this study was

to develop and implement a data workflow that would allow clinicians to collaboratively collect and
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store large volumes of structured data into a relational database, and perform scripted analyses on live
data subsets. The secondary objective was to improve the cost-effectiveness of the developed strategy
by using only open-source and/or cost-free software libraries.

A list of requirements for an effective data-collection and data-analysis strategy was defined based
on shared research experience of the authors: the resulting checklist (Table 4.1.1) was used to guide
the development of the data workflow and to validate its performance.

Table 4.1.1. Checklist of requirements for an effective data-collection and data-analysis strategy.

1. Data Entry

A- Allow users without specific technical training to collect data in a standardized format
B- Store data efficiently, preserving the information about data relationships
C- Allow for multi-user collaboration, with role-based access to sensitive information

D- Facilitate future multi-center cooperation, in compliance with security protocols

2. Data Export

A- Dinamically retrieve data from the database in real-time
B - Automatically anonymize exported data

C — Allow complex filtering of database records

3. Data Transformation and Processing

A- Limit manual time-consuming tasks through scripted data transformation & processing

B- Allow automatic computation of new variables based on primary data

4. Data Analysis

A- Allow scripted analyses on the retrieved live datasets

5. Data Audit

A- Automatically perform reproducible analyses at multiple time-points, to monitor the data-

collection process, analyze data distribution, and evaluate preliminary results
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The following technologies were selected for the project, based on widespread availability, reliability,
cost, degree of technical difficulty and expertise of the research team:

- REDCap (v11.0.0) [48,49] for data-collection

- SQLite (v3.31.1) [50] for relational data persistence

- Python (v3.8.5) programming language [51], along with the Peewee (v3.7.0) library [52] for
database interaction, and the Scikit-learn v0.22 [53] and Matplotlib v3.1.2 [54] libraries for data
analysis and visualization respectively.

The developed data workflow was applied to a research project at our Nuclear Medicine department
to store and analyze data on the performance of prostate-specific-membrane-antigen/positron-
emission-tomography (PSMA-PET) molecular imaging for the early detection of disease relapse in
prostate cancer patients with biochemical recurrence after radical treatment (i.e., PSA elevation after
radical prostatectomy or radiotherapy). The original project is a prospective, open label,
observational, single-centre study approved by the local ethical committee (protocol P-5315);
furthermore, in order to test the upscaling capabilities of the newly developed system, synthetic data
were also generated.

Finally, the key steps required to implement the data strategy were documented and the core code of
the model was shared through a Github repository in order to effectively disseminate results and
facilitate other departments in adopting a similar strategy.

The newly developed data workflow met the established requirements (defined based on shared
research experience of the authors — see Table 4.1.1 checklist) and was successfully implemented in
a research project at our Nuclear Medicine department to evaluate the performance of prostate-
specific-membrane-antigen/positron-emission-tomography (PSMA-PET) in detecting disease
localizations in prostate cancer patients with biochemical recurrence after radical treatment.
Specifically, the data strategy allowed to: collaboratively collect and store large volumes of relational
data, retrieve live datasets, filter data through complex queries, perform automatic computation of

new parameters, and perform scripted analyses on real-time data. The key steps required to implement
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this newly-developed data workflow are detailed below and summarized in Figure 4.1.1. Moreover,
the code of the sample project has been made available through a dedicated Github repository [55].
Figure 4.1.1. Key steps of the newly developed data-collection and data-analysis approach,

allowing multi-center high-volume relational data analysis on dynamically-retrieved live data.
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NumPy

1. Create a REDCap 2. Retrieve live 3. Automatically 4. Perform complex 5. Compute new
db with Repeating data from the store retrieved data

queries to extract data and perform
Instruments REDCap API in arelational db \elevan’( datasets \ analyses

1. REDCap db: create a db and enable “Repeating Instruments” to store relational data (one-to-many relationships)

2. REDCap JSON API: use the API to retrieve anonymized live JSON data-sets from any number of REDCap instances

3. SQLite: automatically store data retrieved from the REDCap API into an SQLite database (preserving data relationaships)
4. SQL: execute complex SQL queries to extract relevant data-sets that do not require manual pre-processing

5. Python: automatically compute new data for each record and execute scripted analyses using Python

Step 1: REDCap database and Repeating Instruments

REDCap (v11.0.0) is a web-based software platform designed to allow multiple non-technical users
to remotely collaborate and collect data in a reproducible and standardized format [48,49]. REDCap
licenses are provided at no cost to non-profit organizations.

Since a REDCap instance was already available at our institution, this tool was chosen for data
collection. Clinical data such as TNM cancer staging, histopathologic grading, previous treatments,
latest PSA values, and PET/CT imaging results were collected. REDCap allowed to store data using
coded values and proper validation rules (e.g., minimum / maximum accepted values, date formats),
ensuring that only valid information got stored and improving data quality and consistency (checklist
item 1A). Specifically, the data fields corresponding to strings, numbers and dates were created in
REDCap using the “text boxes” functionality with adequate validation options. Moreover, in order
to store relational data, the REDCap “Repeating Instruments” functionality was used: indeed, this

feature allowed to store multiple instances of the same event for each record (e.g., all PSA
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determinations of a prostate cancer patient), without having to define a fixed number of event
repetitions in advance (checklist item 1B).

REDCap also provided role-based access to sensitive data in compliance with standard security and
privacy protocols, and the REDCap user privileges and de-identification methods allowed to
automatically remove fields tagged as identifiers from the exported patients’ records (checklist items
1C). Finally, some of the REDCap functionalities could greatly facilitate future multi-center studies:
on the one hand, using a common REDCap project xml template can guarantee the reproducibility of
the database design among different institutions, while on the other hand the REDCap application
programming interface (API) allows to pull data from the REDCap databases of other centers in real-

time (checklist items 1D).

Step 2: Real-time data export through the REDCap API and Persistence to a relational database
The REDCap API successfully allowed for real-time retrieval of anonymized datasets from the
REDCap database (checklist item 2A-B). The capability to access real-time / live data stored in a
centralized repository allowed to automatically retrieve and analyze all newly-inserted and updated
records up to the time of the script execution. However, the REDCap API provides only limited query
options to filter retrieved records compared to native SQL queries, therefore a Python (v3.8.5)
software was developed to automatically persist all live data retrieved from the REDCap API to a
relational SQLite (v3.31.1) database, and the Peewee (v3.7.0) object-relational mapper (ORM) was
used to bridge data stored in relational tables with Python objects in order to perform more in-depth
filtering with SQL-queries at a later stage. In the SQLite database, numbers data fields were mapped
to integers/reals while strings and dates were converted to text fields (as per the Peewee library
documentation [56]), ensuring a consistent format across all entries; join tables and foreign keys were
used to store one-to-many relationships, while unique indexes allowed to prevent duplicate entries.
The SQLite database can be stored locally until needed, so that statistical analyses can be repeated

without the need to perform a network request every time. On the other hand, if data need to be

31



refreshed, the local SQLite file can be discarded and a new instance of the live data can be retrieved

through the API.

Step 3: Querying the relational database, Computation of new values and Data-analysis

The Pewee (v3.7.0) ORM allowed to perform complex queries to extract relevant datasets from the
database (checklist item 2C). As an example, in the sample project code hosted on Github [55], the
Pewee ORM was used to extract a subset of prostate cancer patients having at least three PSA
determinations during the 6 months preceding the PSMA-PET date (which are required to estimate
the PSA kinetics).

Then, the Python programming language was used to automatically perform data manipulation (e.g.
string sanitization) and computation of new variables for each record, thus greatly reducing the
amount of time-consuming manual tasks (checklist item 3A-B). Specifically, in the sample project,
the PSA doubling time (which is a measure of PSA kinetics) was automatically computed as natural
log of 2 divided by the slope of the relationship between the log of PSA and time [57,58].

Finally, scripted analyses were then performed on the resulting live dataset using the Scikit-learn
(v0.22) Python library (checklist item 4A).

On a final note, the streamlined workflow described above could also be leveraged to automatically
perform reproducible analyses at different time-points in order to audit the data-collection process

and obtain interim results (checklist item 5A).

Performance evaluation

The performance of the proposed workflow has been evaluated at different data volumes.
Specifically, the execution times of the three key steps of the script (REDCap API data export, SQLite
data import, SQLite database query) have been measured considering 1, 5, 10, 20, 35 and 50 x 10°
records in the primary table. The execution times of the first two steps have been averaged across 10

iterations, while 100 iterations where considered for the third step. The corresponding results have
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been reported in detail in Table 4.1.2 and Figure 4.1.2, and the programming code used for

performance evaluation has been included in the Github repository in order to ensure reproducibility.

Table 4.1.2. Workflow performance evaluation: script execution time at different data volumes.

Sample size REDCap API data SQLite data SQLite db query Total
(main records) | export (seconds) import (seconds) (seconds) (seconds)
1.000 1,50 0,14 0,01 1,65
5.000 1,77 0,73 0,06 2,56
10.000 4,78 1,45 0,12 6,34
20.000 6,99 2,49 0,23 9,72
35.000 11,37 4,38 0,41 16,15
50.000 14,99 6,31 0,56 21,86

Notes: sample size is defined as the number of records in the primary table; REDCap API data
export and SQLite data import execution times averaged across 10 iterations; SQLite db query
execution time averaged across 100 iterations.

Figure 4.1.2. Workflow performance evaluation: script execution time at different data volumes.

PERFORMANCE EVALUATION

—&—REDCap API data export

22,5
20,0
17,5
15,0
12,5
10,0

7,5

5,0

EXECUTION TIME (SECONDS)

2,5

0,0

v

1.000 5.000

SQLite db import

SQlLite db query

10.000 20.000 35.000
DATA VOLUME (N° OF RECORDS IN PRIMARY TABLE)

Total

50.000

33



While the large volume of generated healthcare data holds great potential for clinical research, the
knowledge and skills of physicians in the data era need to evolve accordingly in order to effectively
leverage such opportunities. Specifically, there is a need to streamline the data collection and data
analysis process by developing a workflow that is both tecnhically feasible and economically
sustainable. The optimization of the data workflow can greatly facilitate research by limiting the
amount of time-consuming tasks, which represent a critical obstacle in the context of limited time
and manpower in medical departments, especially in the absence of a data-management unit.
Moreover, the diffusion and adoption of best practices will also foster a cultural change in physicians
towards a data-science approach, leading to a closer and more effective collaboration with data
scientists in the future. However, while electronic data capture systems and effective data
management and data analysis strategies are widely adopted at national/international level and in
research facilities, they are often lacking or underutilezed in many healthcare institutions/departments
or in smaller research studies [59], which sometimes resort to custom solutions for managing
multidimensional clinical data in interdisciplinary studies [60]. This issue has also been recently
documented by Krahe MA et al. [61] in an Australian cross-sectional survey, which sought to examine
the current research data management (RDM) practices among health and medical researchers: the
survey results highlighted the need for further training in RDM best practices and the researchers’
desire for support with both theoretical and technical aspects.

While limited literature is currently available on the subject, this study aims to document the
development of an effective REDCap-based data workflow, providing other clinicians with a practical
solution that could be implemented in other healthcare institutions to facilitate research and boost
scientific production. The technical aspects of the developed data strategy have been detailed in the
results section of this study and the sample project code has been made available through a Github
repository [55], in order to effectively disseminate results and allow other healthcare institutions to

adopt a similar strategy.
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Besides technical features, some key aspects regarding data collection, data extraction/analysis and
economic sustainability are discussed below, in order to provide a better undestanding of the
advantages offered by the developed data workflow.

Data collection with relational databases (RDBs)

Nowadays, data collection in many healthcare departments is still carried out through standard
spreadsheets [61]. This approach is impractical, memory intensive, high-maintenance and error-
prone; moreover, it only accomodes for one-to-one data relationships, thus being insufficient for
proper management of clinical data. Conversely, relational databases (RDBs) gracefully manage
structured data, since they are based on the relational model of data first introduced by E. F. Codd
[62]. RDBs are specifically optimized to handle large volumes of data and, in recent years, they have
been successfully adopted in many research projects, ranging from DNA sequencing to cardiovascular
diseases [63,64]. Among other advantages, the use of “typed” data fields in RDBs ensures a consistent
format across all entries, while unique “keys” prevent duplicate entries. Finally, many high-
performance RDBs are open source, thus providing a compelling case for the wide adoption of such
potentially cost-effective technologies.

Dispite all the advantages of RDBs for storing structured data, the direct usage of SQL-based RDBs
during the data collection phase could pose some challenges due to the degree of technical
complexity; thankfully, the introduction of the REDCap “Repeating Instruments” feature has solved
this issue by allowing users with low technical expertise to easily collect and store one-to-many
relational data through a simple web-based interface. While in the presented workflow data were
manually entered in REDCap using the automatically-generated electronic case report forms (eCRF),
future further improvements may include directly importing data from electronic health records
(EHR). However, this process would require dealing with complex technical issues (e.g., accurate
data extraction/text mining from EHR, data validation, etc), as well as normative regulations (e.g.,
approval for extensive high-level access to patients’ EHR data) and logistic requirements (e.g.,

funding for third-party support for project development and integration with the local EHR system).
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REDCap data extraction and filtering

In this study, live REDCap data were first exported to an RDB in order to use the SQL language to
perform advanced queries (through a Python ORM) and extract relevant datasets in real time.

By default, the REDCap web interface doesn’t allow to export data to an RDB but only to
spreadsheets-like files (compatible with main statistical softwares); thus, a custom Python script was
developed to connect to the REDCap API, extract data and persist them to an SQLite database.

An application called “REDCap-ETL”, available either as an external module or a standalone
software, could represent an alternative method to load data into a relational database. However, the
“REDCap-ETL” external module is a fee-based service and doesn’t support SQLite files [65], while
the standalone software is free of charge and can export data to SQLite files but requires a server and
has some limitations in the use of primary/foreign keys with SQLite databases [66]. Moreover,
directly retrieving data through the Python REDCap API allows for more granular control and easier
data manipulation before data persistence.

Strategy cost-effectiveness

The data workflow presented in this study has the potential for increased cost-effectiveness compared
to traditional spreadsheet-based strategies, by optimizing the data collection/analysis process,
limiting time-consuming tasks, and requiring only open-source or cost-free softwares for its
implementation. Altough IT support is needed for REDCap setup and maintenance, REDCap licenses
are provided at no cost to any non-profit organization. Such a potentially cost-effective strategy could
also particularly benefit economically developing countries, as shown in previous similar efforts [67],
empowering their healthcare institutions to perform high-volume relational data analysis.

The time required for professionals to perform data entry activities within the REDCap system should
however be carefully considered when assessing the overall cost-effectiveness of the proposed
workflow. This aspect is particularly critical as it can substantially influence the scalability and
feasibility of research projects. However, emerging Al-driven technologies, which are capable of

processing medical records and extracting pertinent data, offer a promising solution to mitigate this
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limitation. By reducing the manual effort required from healthcare staff, these innovations not only
lessen the operational burden but also significantly enhance the efficiency and scalability of the
workflow. In conclusion, the REDCap-based data workflow presented in this study represents a
practical solution for healthcare institutions to perform high-volume relational data analysis on real-
time data at no additional cost (besides REDCap setup and maintenance), by using only open source
or cost-free softwares. Finally, thanks to the capability of handling large amounts of clinical data and
the possibility to streamline data analysis on such large datasets, the data workflow presented in this
study could also provide a suitable infrastructure for future machine learning applications, which
require processing of large amounts of training data.

Limitations

This study is not exempt from limitations. First, no formal comparative analysis was carried out to
identify the technologies better suited for the development of the data strategy. Instead, technologies
were chosen based on availability at our institution and/or according to the research team expertise.
However, the REDCap platform is a widely-used and validated tool for electronic data capturing and

the other chosen software libraries are well-known and reliable open source projects.

Second, the workflow presented in this study used an SQLite database for data persistence. While
other database technologies, such as MySQL and PostgreSQL, would be better suited to handle large
volumes of data in a production environment, SQLite was chosen for this project as a trade-off
between performance and ease of implementation: indeed, other database technologies often require
to setup a server and this increases the technical difficulty faced by clinical researchers; on the other
hand, SQLite can benefit from its single-file storage capability and its documentation reports a
theoretical maximum database size of 281 terabytes (with up to 2%* table rows) [68]. Furthermore, the
Peewee ORM used in this project already natively supports other database technologies, including
MySQL and PostgreSQL, therefore switching to other RDB platforms would only require minor code

changes.
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Finally, while basic knowledge of Python and SQL is needed, our experience shows that clinical
researchers can successfully learn to use such tools to optimize the research workflow. On the other
hand, while specialized IT support is mandatory for REDCap setup and maintenance, REDCap is
already available in many institutions and its licenses are provided at no cost to any non-profit

organization.

(Note: the content of this Section has been published in “Rovera G, Fariselli P, Deandreis D.
Development of a REDCap-based workflow for high-volume relational data analysis on real-time

data in a medical department using open source software. Comput Methods Programs Biomed. 2022

Sep 6;226:107111. doi: 10.1016/j.cmpb.2022.107111. PMID: 36108572”)

4.2. ML & Imaging: Investigation of the predictive and prognostic role of PET/CT imaging

Positron Emission Tomography/Computed Tomography (PET/CT) imaging has the potential to hold
significant predictive and prognostic value in multiple clinical settings. Indeed, the uptake patterns
and intensity of radiopharmaceutical accumulation observed in PET/CT scans can indicate the
biological behavior of lesions, such as their metabolic activity and aggressiveness. These imaging
biomarkers can enable clinicians to assess a patient’s risk level, predict response to therapies, and
estimate overall prognosis, supporting more personalized treatment approaches. The in-vivo
biological correlates of PET/CT tracer distribution was investigated in the setting of prostate cancer,
highlighting the potential translation of molecular imaging into reproducible and quantitative data.
PSMA is the most accurate radiopharmaceutical for prostate cancer (PCa) PET/CT imaging. Beyond
whole-body PET/CT imaging, recent novel intraoperative applications have been developed.
Specifically, a high-resolution PET/CT-imaging device (XEOS AURA® - Fig. 4.2.1) is now
available, with near five-fold optimization in spatial resolution as opposed to standard clinical

PET/CT devices.
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Figure 4.2.1. XEOS AURA® intraoperative PET/CT scanner.

This scanner holds potential for the ex-vivo identification of PCa foci in surgically resected
specimens, thus predicting the presence of neoplastic disease. A feasibility study was thus conducted
to test the intraoperative use of this brand-new PET/CT to guide robot-assisted radical prostatectomy
(RARP) and pelvic lymph node dissection (PLND), as part of a study approved by the ethical
committee of the “A.O.U. Citta della Salute e della Scienza di Torino”—Protocol N° 0111760, 26
October 2021.

The study enrolled three patients with high-risk prostate cancer undergoing RARP and PLND with
the Da Vinci Xi robot and with the intraoperative use of XEOS AURA® PET/CT. The preoperative
staging of the enrolled patients included MRI and [*Ga]Ga-PSMA PET/CT. During trocar
placement, an intravenous injection of [®Ga]Ga-PSMA-11 (2 MBq/Kg) was performed in the OR.
Lymph nodes were immediately removed through the 12-mm assistant trocar and scanned with
AURA. After complete excision, the prostate was removed through a short Pfannestiel incision while
maintaining CO; insufflation and analysed with AURA to check for positive margins (PSM) before
doing the urethra-vesical anastomosis. SUVmax of the scanned lypmhnodes, background SUVMax
and LN/background ratio (TBR) were calculated with AMIDE software (v 1.0.6). Background ROIs

were drawn on a tissue sample area without increased uptake at visual analysis, using default
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dimensions of 12x12x7 mm (x,y,z) and 0.5 cm® volume. In case of spatial constraints due to small

tissue sample size, the highest possible ROI volume was used.

The evaluated endpoints included: image analysis time, number of metastatic lymph nodes and
positive prostate margins correctly identified at intraoperative PET/CT imaging compared to
histopathology, and the correlation of the degree of lymph nodal uptake in terms of SUVmax and
TBR with histopathology results. Moreover, the performance of XEOS AURA® in detecting nodal
metastases and loco-regional extension (T3a / T3b) was compared with preoperative imaging (total

body PET/CT and mpMRIl).

On average, the time required by XEOS AURA® to analyse each specimen was 12 minutes (SD 3).
The median time between injection and PET/CT scan was 98 minutes for lymph nodes, and 3.8 hours
for prostate specimens. The total nodal yield was 17.3 (5.8 SD) per patient, and only one node was
positive at histopathology. AURA showed a focal uptake in the known metastatic node (TBR: 13.3),
and no uptake or diffuse, faint uptake in negative nodes (TBR range: 1-5.3). XEOS AURA® was
able to detect negative surgical margins in two patients, while findings were inconclusive in one
locally advanced case. All patients had negative surgical margins at pathological examination (Table

4.2.1, Fig. 4.2.2).

Table 4.2.1. Comparison between MRI, whole-body / specimen PET/CT, and histopathology.

MRI PSMA PET/CT PET/CT specimen imager Pﬁ::joi'r?;;c
Patient 1
Baseline characteristics: age 77, PSA 21 ng/ml, ISUP 4 (biopsy), DRE negative
Lymph nodes (-) Lymph nodes (+) Lymph nodes (+) pT3b N1 RO
Left obturator node Left obturator node (SUVmax 9.3, ISUP 3

(SUVmax 2.1) TBR 13.3). Faint uptake in other

nodes (TBR range 1 - 4.4) One metastatic

left obturator
node.
Prostate

Prostate

Prostate Infiltration of right seminal vesicle.
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Extracapsular extension | Left/ Right peripheral | Prostate SUVmax: 26.8.
on the right lobe with zone (SUVmax 6.6).

NVB infiltration. No signs of PSM.

Extracapsular
extension on right lobe.

Patient 2

Baseline characteristics: age 79, PSA 16 ng/ml, ISUP 5 (biopsy), DRE positive

Lymph nodes (-) Lymph nodes (-) Lymph nodes (-) pT3b NO RO

Faint uptake in left / right external ISUP 5
iliac and obturator nodes (TBR

range: 1 —5.2)

Prostate
Prostate Prostate Left extracapsular extension,
Left extracapsular Prostatic uptake, infiltration of left seminal vesicle,
extension with possible | infiltration of left uncertain interpretation of PSM.
infiltration of left seminal vesicle Prostate SUVmax: 47.7

seminal vesicle

Patient 3

Baseline characteristics: age 70, PSA 3.9 ng/ml, ISUP 3 (biopsy), DRE negative

Lymph nodes (-) / Lymph nodes (-) pT3a NO RO

Faint uptake in left / right external ISUP 3
iliac and obturator nodes (TBR
range: 1 —5.3)

Prostate

Prostate No infiltration of seminal vesicles.

No signs of extracapsular

. No signs of PSM.
extension

Prostate SUVmax: 20.3

DRE : digital rectal examination ; NVB: neuro-vascular bundles; PSM: positive surgical margins ; TBR:
target-to-background SUVmax ratio.

Figure 4.2.2. Specimen PET-CT images of the prostate and resected lymph nodes. (A) Transversal
view of the resected prostate showing radiotracer uptake close to - but not reaching - the border of
the specimen (more detailed view in panel B). Macrosection of the prostate showing the presence of
cancer (dotted line). (C) Left pelvic lymph nodes with one node showing increased focal radiotracer
uptake. (D) Right pelvic lymph nodes with no uptake or diffuse, faint uptake. (Color version available
online.)
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The intraoperative use of the PET/CT specimen imager was proven to be feasible, and could improve
the evaluation of prostate surgical margins and lymph node status thanks to the optimal biological
correlation between tracer distribution and tumor involvement. The intraoperative knowledge of
prostate cancer (PCa) location within the prostate or lymph nodes may improve the oncological
radicality while safely pushing the boundaries of a hyper-conservative surgery.

(Note: the content of this Section has been published in “Oderda M, Grimaldi S, Rovera G,
Delsedime L, D'Agate D, Lavagno F, Marquis A, Marra G, Molinaro L, Deandreis D, Gontero P.
Robot-assisted PSMA-radioguided surgery to assess surgical margins and nodal metastases in
prostate cancer patients: report on three cases using an intraoperative PET-CT specimen imager.

Urology. 2023 Sep 3:50090-4295(23)00730-6. doi: 10.1016/j.urology.2023.08.013. Epub ahead of
print. PMID: 37669707”)
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4.3. ML & Imaging: Development of ML strategies to extract functional data from PET/CT

Given the biological significance and the potential predictive / prognostic significance of the findings
observed in PET/CT imaging, as demonstrated in previous sections, it is essential to develop
methodologies that enable the segmentation of PET/CT images and the automated, standardized
extraction of information related to radiopharmaceutical distribution. Consequently, the potential of
applying machine learning (ML)-based algorithms for the automated segmentation and
semiquantification of PET/CT findings has been explored. This application was tested in the clinical
setting of intraoperative PET/CT imaging with PSMA radioligands during surgical treatment of high-
risk prostate cancer patients with robot-assisted radical prostatectomy (RARP) and pelvic lymph node
dissection (PLND). Indeed, in order to accurately analyze the radiotracer uptake, time-consuming
manual volumetric segmentation of 3D tomographic images would be necessary. No previous studies
have documented the application of similar approaches in the context of intraoperative PET/CT
specimen images. Therefore, a pilot study was conducted with the aim of testing the feasibility of
using a machine learning algorithm to perform automatic nodal segmentation of intraoperative
[®®Ga]Ga-PSMA-11 PET/CT specimen images in prostate cancer patients.

A retrospective analysis was performed on 3D high-resolution [**Ga]Ga-PSMA-11 PET/CT images
of 6 surgical specimens obtained from a high-risk prostate cancer patient (PSA 16 ng/ml, Gleason
Score 4+5 at biopsy, positive DRE, left extracapsular extension with possible infiltration of left
seminal vesicle at MRI) undergoing robot-assisted radical prostatectomy (RARP) and pelvic lymph
node dissection (PLND) with intraoperative use of the PET/CT specimen imager, in the context of
the study approved by the ethical committee of the “A.O.U. Citta della Salute e della Scienza di
Torino”—Protocol N° 0111760, 26 October 2021. Below are outlined the specifics of the procedure

leading to the acquisition of the PET/CT specimen images utilized in this retrospective analysis.

Radiopharmaceutical synthesis and surgical procedure

The [**Ga]Ga-PSMA-11 was synthesized in the radiochemistry laboratory of the Division of Nuclear
Medicine of the AOU Citta della Salute e della Scienza - University of Turin, following established
procedure guidelines [69] as previously documented [70]. Specifically, Gallium-68 was produced
with a %Ge/%®*Ga generator (ITM Isotope Technologies Munich SE, Germany). [®3Ga]Ga-PSMA-
HBEDCC(Glu-NH-CO-NH-Lys-(Ahx)-[[68Ga]Ga(N,N'bis-[2-hydroxy-5-
(carboxyethyl)benzyl]ethylenediamineN,N'-diacetic-acid]) ([**Ga]Ga-PSMA-11) was prepared with
a process comparable to the one described by Eder et al. [71], and transferred to cassette-based

automated synthesis module (Module miniAllinOne, Trasis S.A, Belgium). The entire procedure was
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performed in adherence to the Good Manufacturing Practices (GMP) and the resulting solution (final
product) was subjected to standard quality controls.

In the operating room, a dose of 157 MBq (2.1 MBg/kg) of [*3Ga]Ga-PSMA-11 was administered
intravenously to the patient during trocar placement, without the need for a specific patient
preparation and/or furosemide and/or oral contrast media injection. The surgery was performed with
the Da Vinci Xi robot. Lymph nodes were extracted through the 12-mm assistant trocar and promptly
examined using the specimen imager. The prostate was then removed through a Pfannestiel incision
while maintaining CO2 insufflation, and scanned to assess for positive surgical margins (PSM) before

proceeding with the urethra-vesical anastomosis.

Intraoperative PET/CT imaging

Following excision in the operating room, the surgical specimens were placed in a dedicated specimen
container and PET/CT images were acquired using the intraoperative scanner (AURA 10 specimen
PET/CT imager, XEOS Medical NV, Belgium). On average, the time required by the PET/CT device
to complete the scanning process was 12 minutes. CT images were reconstructed using the image
space reconstruction algorithm at 100 um voxel size. PET images were reconstructed using 20

iterations of the ordered subset expectation maximization (OSEM) algorithm at 400 pm voxel size.

PET/CT image analysis: automatic and manual segmentation
The specimen PET/CT images were processed using only open-source Python libraries or softwares.
“NiBabel” was used to load the CT scan data extracted from the PET/CT images, while the “Sklearn”
library was used to process the resulting “NumPy” arrays and identify nodal structures through a
machine learning clustering algorithm (k-means clustering). Morphological operations (e.g., erosion
and dilation) were applied to the clustered images using the “scipy.ndimage” and
“skimage.morphology” libraries. Volumetric manual segmentation of nodal structures was performed
with the ITK-SNAP software (v 4.0.1) using the polygon tool and considered as reference standard.
Finally, the “sklearn.metrics” library was used to evaluate the accuracy of the machine-learning based
3D automatic segmentation compared to the manual segmentation by means of the following metrics:

e Accuracy: (TP+TN)/(TP+TN+FP+FN)

e Precision (Positive predictive value): TP/(TP+FP)

e Recall (Sensitivity): TP/(TP+FN)

e Dice Coefficient (F1 Score): 2TP/(2TP+FP+FN)

e Jaccard Index (Intersection-Over-Union)
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where TP, TN, FP and FN represent true positives, true negatives, false positives and false negatives,
respectively. Moreover, micro, macro, and weighted averages of the segmentation metrics were
provided: micro averages estimate the overall accuracy of the model across all classes, macro
averages consider classes independently giving them equal importance, and weighted averages

account for class imbalance.

In the operating room, the acquisition of the specimens [**Ga]Ga-PSMA-11 PET/CT images with the
intraoperative PET/CT scanner proved to be safe and feasible. Figure 4.3.1 shows the volume
rendering of the PET/CT acquisitions, as well as two sample axial slices denoting mild tracer uptake

in nodal structures.

Figure 4.3.1. [**Ga]Ga-PSMA-11 PET/CT specimen images of the pelvic lymph nodes of a high-risk
prostate cancer patient undergoing robot-assisted radical prostatectomy (RARP) and pelvic lymph
node dissection (PLND). Top row: volume rendering. Bottom row: axial images. A, B: left obturator,
C: left proximal external iliac, D: left distal external iliac, E: right distal external iliac, F: right

obturator, G: right proximal external iliac.
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The automatic segmentation of nodal structures was performed using only open-source Python
libraries, such as NiBabel, Scikit-learn, SciPy and Scikit-image. The intraoperative PET/CT images
proved to be a suitable setting for the application of automated segmentation based on machine
learning due to the simplified anatomical context of the surgical specimens. The main steps of the
segmentation model are described below.

First, leveraging the difference in tissue density between the nodal structures and the fat tissue, a k-
means clustering algorithm (n = 3 clusters) was applied to the 3D data array to identify nodal
structures. The cluster corresponding to the fat tissue was then removed by assigning to its elements
the same value of the background, thus creating a binary 2-level mask of the nodal cluster. The
specimen case was also removed from the images using a filter based on geometric distance in order
to prevent background noise due to misclassification errors. Then, morphological operations of
erosion and hole-filling were performed. The erosion process allowed not only to reduce image noise
but also to detach wrongly connected objects such as vessels or fibrous tissues located in close
proximity to a nodal structure. On the other hand, the filling operations allowed to extend the
segmented areas also to regions with lower densities - such as the lymph node hilum - which would
otherwise be excluded from clustering. Examples of the results of the morphological operations
(erosion/filling) are presented in Figure 4.3.2. Noise removal was then performed on 2D slices by
discarding features with a low number of elements. Then, morphological dilation was applied to
compensate for the previous erosion process and also to join broken parts of the same elements.
Finally, further noise removal was performed on the 3D image by discarding features with a lower
volume. An overview of the results of the main segmentation steps on a sample axial image is shown

in Figure 4.3.2.
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Figure 4.3.2. Overview of the results of the main segmentation steps on a sample axial image. A)
original CT image, B) K-means clustering, C) Erosion, D) Filling, E) 2D noise removal, F) 3D noise
removal. The erosion process allowed to detach two wrongly connected objects (arrow in panel C),
while the hole-filling operation allowed to include the lymph node hilum in the segmented area (arrow

in panel D).
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The complete model schema for the automatic nodal segmentation of the [**Ga]Ga-PSMA-11

PET/CT specimen images is presented in Figure 4.3.3.

Figure 4.3.3. Schema of the automatic nodal segmentation model for [**Ga]Ga-PSMA-11 PET/CT

specimen images.
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The correspondence between the machine-learning automatic segmentation and the manual
segmentation (see example in Figure 4.3.4) was evaluated using the following metrics: accuracy,

precision, recall, Dice Coefficient (F1 Score), and Jaccard Index.

Figure 4.3.4. Axial images showing the outcome of the automatic (left) and manual (right)
segmentation of the [*®*Ga]Ga-PSMA-11 PET/CT nodal specimen images. Top row: left pelvic lymph

nodes. Bottom row: right pelvic lymph nodes.
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The overall segmentation accuracy of both left and right pelvic lymph nodes was 99.7%; however, as

expected, this parameter is overestimated due to the class imbalance deriving from the disparity

between the target volume (i.e., lymph nodal structures) and the overall PET/CT field of view.

The weighted precision of the automatic segmentation was > 97% (range: 95-100%): indeed, the

voxels segmented by the machine learning model correctly belonged to lymph nodal structures, and

a low number of false positives was registered. On the other hand, the recall weighted average was

81% (range: 78-84%) in the first three specimens, but only 68% (range 64-72%) in the other three

specimens. The Dice Coefficient and Jaccard Index also showed a comparable trend with weighted

averages of 88% (range: 87-90%) vs 80% (range: 78-84%) and 79% (range: 77-82%) vs 67% (range:

64-72%), respectively. A detailed overview of the values of all the segmentation metrics for each

specimen is presented in Table 4.3.1 and Table 4.3.2.

Table 4.3.1. Performance of the automatic segmentation model in the left pelvic lymph nodes.

Specimens Precision Recall Dice Coefficient | Jaccard Index
Left proximal 0.98 0.78 0.87 0.77

external iliac

Left obturator (1) | 0.98 0.84 0.90 0.82

Left obturator (2) | 0.95 0.82 0.88 0.79

Average metrics | Precision Recall Dice Coefficient | Jaccard Index
Micro average 0.97 0.81 0.88 0.79

Macro average 0.97 0.81 0.88 0.79

Weighted average | 0.97 0.81 0.88 0.79

Table 4.3.2. Performance of the automatic segmentation model in the right pelvic lymph nodes.

Specimens Precision Recall Dice Coefficient | Jaccard Index
Right distal 0.99 0.72 0.83 0.71

external iliac

Right proximal 0.99 0.64 0.78 0.64

external iliac

Right obturator 1.00 0.72 0.84 0.72

Average metrics | Precision Recall Dice Coefficient | Jaccard Index
Micro average 0.99 0.68 0.81 0.67

Macro average 0.99 0.69 0.81 0.69

Weighted average | 0.99 0.68 0.80 0.67
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This study represents the first described experience with machine learning (ML)-based automatic
segmentation of intraoperative [%*Ga]Ga-PSMA-11 PET/CT specimen images. Compared to the
manual segmentation, the newly developed ML-based automatic segmentation model showed an
overall good performance in terms of accuracy, precision, recall, Dice coefficient and Jaccard index.
The segmentation accuracy of both PET/CT specimen images was > 99%, but this value was
overestimated due to the class imbalance resulting from the limited volume of the target structures
compared to the total scanned volume. A more realistic estimation of the segmentation accuracy is
therefore provided by the other segmentation metrics. The 3D volumes segmented by the ML model
showed a very good correspondence with lymph nodal structures, resulting in few false positive
results and weighted precision scores > 97%. The morphological erosion of wrongly connected
components in the segmentation masks and the subsequent implementation of noise removal
strategies based on 2D/3D-features filtering contributed to enhance the model precision.

The model correctly segmented 80% of the total volume of the resected lymph nodes in the first
specimen PET/CT image, while a lower performance was recorded in the other specimens possibly
due to their more irregular structure and heterogeneous density, leading to a higher rate of false
negative results and a lower weighted average recall (68%). Although morphological operations such
as hole-filling partially mitigated this problem by expanding the segmentation to include also regions
with lower density values (e.g., lymph node hilum), further optimizations in shape recognition may
contribute to improve the recall scores.

Overall, considering the Dice coefficients and Jaccard Index weighted averages (80-88% and 67-
79%), a similar approach could represent a viable starting point to facilitate the intraoperative PET/CT
specimen image analysis and support the localization of nodal disease in prostate cancer patients.
Given the correspondence between tracer uptake and metastatic involvement, the use of semi-
quantitative metrics (e.g., SUV) could facilitate specimen PET/CT interpretation by providing a more
objective assessment of the nodal tracer uptake. However, considering the variability in background
uptake and timing of intraoperative PET/CT acquisition, the use of a target to background ratio (TBR)
could prove to be more reliable than the absolute SUVmax. In the case series, the TBR - calculated
as the ratio between the SUVmax of the scanned lymph nodes and the background SUVmax — was
shown to be higher in metastatic lymph nodes (13.6) compared to disease-free lymph nodes (range:
1-5.3). In this context, the machine learning-based automatic nodal segmentation model presented in
this study could help in automating the evaluation of the TBR and thus the interpretation of the
intraoperative PET/CT images. While it should be noted that the segmentation method could have a
significant impact on the extracted radiomic features [72,73], the automation of this step of the
radiomics workflow could solve the issue of the scalability of manual methods to handle large

volumes of imaging data.
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Despite the valuable insights gained from this study, it is essential to recognize the limitations inherent
in the study design. Indeed, this pilot study was conducted on a limited number of specimen images
and further testing on multiple PET/CT scans will be required to identify more edge-cases that could
lead to misclassification errors. Additional tuning of the morphological operations and noise filtering
process will also be needed to ensure a consistent performance. Despite these limitations, the
approach described in this study yielded promising results and the highlighted key-points could
provide a basis for future improvements. Furthermore, this study made exclusive use of open-source
libraries thus facilitating its replicability. Finally, the know-how derived from this project could
facilitate further research on automatic segmentation in more complex settings (e.g., whole-body
[*%Ga]Ga-PSMA-11 PET/CT imaging), as well as the investigation of the predictive value of semi-
quantitative specimen PET/CT metrics compared to histopathology results.

Overall, the newly developed machine learning-based approach for automatic lymph nodal
segmentation of intraoperative [**Ga]Ga-PSMA-11 PET/CT specimen images showed promising
results compared to the manual segmentation in terms of weighted average precision (97-99%), recall
(68-81%), Dice coefficient (80-88%) and Jaccard index (67-79%). This approach could represent a
good complement to the capabilities of the intraoperative PET/CT scanner for the assessment of nodal
involvement in surgical specimens, facilitating the semi-quantitative analysis of PET/CT images
directly in the operating room and potentially allowing for a better balance between oncological
radicality and conservative surgery.

(Note: the content of this Section has been published in “Rovera G, Grimaldi S, Oderda M, Finessi
M, Giannini V, Passera R, Gontero P, Deandreis D. Machine Learning CT-Based Automatic Nodal
Segmentation and PET Semi-Quantification of Intraoperative 68Ga-PSMA-11 PET/CT Images in
High-Risk Prostate Cancer: A Pilot Study. Diagnostics (Basel). 2023 Sep 21;13(18):3013. doi:
10.3390/diagnostics13183013. PMID: 37761380; PMCID: PMC10529304”)

4.4 ML & Therapy: Identification of predictive/prognostic factors of response to 3'I therapy

Before exploring the integration of multimodal data - including molecular imaging - into
predictive/prognostic models of response to nuclear medicine treatments, it is essential to first explore
the development of ML models based on patients’ clinical data. This step ensures a solid foundation
for incorporating additional complex data types and refining the model's accuracy in predicting
therapeutic outcomes in different tumor models. In Nuclear Medicine, molecular radiotherapy
treatments represent a huge source of data including pre and post-therapy imaging, dosimetry and
clinical biomarkers that can be integrated to predict treatment response and/or toxicity.

Radiometabolic therapy with radioactive iodine ! (RAI) is a well-established treatment for
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hyperthyroidism in patients with Graves’s disease (GD), toxic multinodular goiter (TMNG) or toxic
adenoma (TA) [74]. However, the administration of both fixed or dosimetry-based activities can lead
to heterogeneous outcomes depending on patients’ clinical conditions (e.g., hyperthyroidism etiology,
thyroid hormone levels, radioiodine pharmacokinetics, tissues radioresistance, comorbidities, etc.).
Novel medical computational approaches based on AI/ML have the potential to integrate complex
health data to identify differences between therapy responders and non-responders and analyze the
development of treatment toxicity, potentially leading to the identification of biomarkers useful for
the modulation and personalization of therapeutic protocols. Therefore, a study was conducted to
apply Al tools to health data (e.g., clinical history, blood biomarkers, dosimetric data, etc.) gathered
from hyperthyroid patients treated with RAI therapy, in order to discover predictors of treatment
response and inform the development of a computational models that would allow to predict patients’
probability of outcome and toxicity. One of the fundamental aspects of deep learning is its ability to
manage the non-linearity in the relationship between input and output and possible interactions among
features which are limiting factors in a linear model approach. This limitation comes with the concrete
advantage in the linear models’ interpretability in the clinical practice. On the other hand, non-linear
models are often black-box-like and tend to display more prominent unphysical behaviours partly due
to the lack of data in the extremal regions, their unconstrained nature, and their tendency to overfit.
To overcome the limitation of both approaches, model-based machine learning approaches have been
proposed to guide models towards a more physically and radio-biologically sound interpretation.

A multicenter retrospective analysis was performed on 865 hyperthyroid patients (GD, TMNG, TA)
treated with RAI therapy in 4 eurpean centers. The study enrolled patients affected by
hyperthyroidism and treated by RAI therapy in whom the following data were available: age at the
time of treatment, previous anti-thyroid treatments (duration, dosages), clinical presentation at onset
(etiology, sub-/clinical hyperthyroidism), thyroid function assessed by TSH/fT3/fT4 evaluation at the
time of treatment and 6 and 12 months after RAI, and treatment data (administered activity,
dosimetric parameters). The study was approved by local Ethics Committee of “A.O.U. Citta della
Salute e della Scienza di Torino” (no 00071/2019). All statistical analysis, preprocessing, machine
learning and plotting has been done in Python using scikit-learn, numpy, pandas, scipy and seaborn.

The cohort characteristics are details in Table 4.4.1.

Table 4.4.1. Characteristics of the enrolled cohort.

Variable Median [range]
Age [years] 56.6 [14.0-91.6]
Prescribed Activity [MBq] 370.0 [17.4-1377.0]
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TSH 0.1 [0.0-5.7]
fT3 4.9[0.1-59.0]
fT4 11.5[0.0-75.4]

Absorbed Dose (Gy)

205.4 [9.3-948.0]

Last follow-up [months]

22.0 [0.5-135.0]

Variable Values % (frequency)
Sex
Female 72.0% (623/865)
Male 28% (242/865)
Etiology
Graves’s Disease 59.3% (513/865)
Toxic multinodular goiter 29.2% (253/865)
Autonomous nodule 11.4% (99/865)
Status at last follow-up
Euthyroidism 39.7% (343/865)
Hypothyroidism 35.0% (303/865)
Hyperthyroidism 23.9% (207/865)
N.A. 1.4% (12/865)

When analyzing the populations in the four centres, it was found that age, prescribed activity and

mean absorbed dose varied significantly among groups, as shown in Figure 4.4.1.

Figure 4.4.1. Distribution of age (A), dose (B), administered activity (C) and duration of follow-up

(D) in the different subcohorts of each center.
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A total of 4 models have been tested, each born from a different combination of the algorithm used

with the structure of the input data.

In all cases the data was split into training and validation/holdout respectively into 70%-30%. The
training set was used to perform cross-validation following a stratified 10-fold approach, so it was
further separated in 10 batches to be used iteratively as training/testing sets. Different metrics (i.e.,
Precision Accuracy, RocAUC and F1 score) were averaged over all subsets used for as testing
batches. These average metrics have been used to compare different model hyperparameters as well
as different possible input structures. In some cases, though by a small margin and always within the
variability of the metric, different models were individuated as best depending on the metric to be
maximised. For this reason and considering that the dataset is unbalanced (i.e., 646 hypo-/eu-thyroid
vs 207 hyperthyroid patients respectively), out of all the metrics available, the F1-score was used to
determine the best model. The holdout set has been used only to evaluate the performance of the final
setup chosen for each model. The entire cross-validation procedure has been handled using the
functions GridSearchCV and train_test_split from scikit-learn. The algorithms to be compared have
been chosen among the following two: a Multi-Layer Perceptron (MLPClassifier) and a Histogram
based boosting classification Tree (HistGradientBoostingClassifier). The possible input data structure
could be either normal dataset or augmented dataset. In the first case the data has been pre-processed
using a z-score scaling followed by a Yeo-Jhonson power transform to improve normality of the
feature. In the second case, before the feature processing, the training set before crossvalidation was
duplicated by creating patients which received 0 mean dose and 0 prescribed activity and which kept
their original status, as if they had never been treated. This was done to try to encourage the models
to pass through zero for absorbed dose equal to zero. Another physical/interpretability constraint in
the model was to impose monotonicity on the response with respect to dose in the Histogram based
Boosting classifiers. In fact, it stands to reason that all other variables fixed the probability of a

response to the treatment should only increase as dose increases.
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The performance of the ML models at crossvalidation across the four centers is reported in Table

4.4.2. Overall the two algorithms reached good levels of precision, ranging between 0.80 and 0.90.

Table 4.4.2. Model performance at crossvalidation across the four centers.

Model

Best model params

Precision

Accuracy

F1

ROC AUC

MLP

activation: logistic,
alpha: 6,
hidden_layer_sizes: 15

0.89+0.22

0.86+0.20

0.88+0.15

0.95+0.10

MLP

activation: relu,
alpha: 2,
hidden_layer_sizes: (10, 6)

0.83+0.04

0.80+0.03

0.87+0.02

0.73+0.08

MLP

activation: logistic
alpha: 6

hidden_layer_sizes: 15

0.89+0.22

0.86+0.21

0.87+0.15

0.95+0.11

MLP

activation: relu,
alpha: 1,
hidden_layer_sizes: (10, 4)

0.81+0.04

0.77+0.04

0.86+0.02

0.74+0.08

XGB

max_leaf _nodes: None,

min_samples_leaf: 5

0.88+0.24

0.87+0.22

0.89+0.16

0.94+0.11

XGB

max_leaf nodes: 20,

min_samples_leaf: 35

0.84+0.03

0.74+0.05

0.83+0.03

0.74+0.06

XGB

max_leaf _nodes: None,

min_samples_leaf: 5

0.88+0.23

0.87+0.22

0.89+0.17

0.94+0.11

XGB

max_leaf nodes: 10,

min_samples_leaf: 35

0.84+0.04

0.70+0.05

0.80+0.04

0.71+0.09

As for the relative importance of each feature in the model, details are reported in Table 4.4.3. Even
though the weight for dicotomic variables is high (e.g., gender), the value of such variables can be
only 0 or 1; conversely, even if the coefficient related to the absorbed dose is not much higher, this
value would be multiplied for a number in the order of the hundreds (e.g., 300 Gy) thus resulting in

a much greater impact.

56



Table 4.4.3. Relative importance of the model features.

Weight Feature
02886+ 0.0301 age
Orlglnal dataset 01577 £0.0158 Absorbed Dose (G}"}
0.0982+0.0188  disease
0.0862+0.0102 gender

XGB

Weight Feature
03985+ 00261  Absorbed Dose (Gy)
Augmented 0.0140 £0.0050  age
0.0005+£0.0008  disease
0.0002 £0.0007  gender

Weight Feature
00140+ 00098  Absorbed Dose (Gy)
. 0.0132 £ 0.0041 age
Original 0.0052+0.0020 disease
0.0028 £ 0.0054  gender

MLP

Weight Feature
0.3807+0.0122  Absorbed Dose (Gy)
0.0118=0.0050  age
0.0043 £0.0039  disease

-0.0005£0.0043  gender

Augmented

This preliminary study, although limited by its retrospective design, offers significant advantages by
leveraging real-world data from multiple institutes. The use of real-world data enhances the
applicability of our approach, but external datasets remain crucial for the thorough verification of Al
tools. Further prospective trials with standardized data collection could help to strengthen the

predictive capability of the developed model.

4.5. ML — From imaging to therapy: SPECT/PET radiomic features as predictors of *°Y-SIRT
PET/CT imaging holds significant predictive and prognostic value thanks to its ability to investigate
the biological behaviour of cancer lesions at cellular level. Moreover, it also enables the visualization

of tumor heterogeneity, which is especially important with regards to treatment response. Molecular
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imaging can thus be potentially leveraged to identify imaging biomarkers capable of stratifying
patients according to their risk level, degree of response to therapy, and prognosis.

One of the therapeutic applications of Nuclear Medicine is selective internal radiation therapy (*°Y-
SIRT), which represents a safe treatment modality for unresectable primary and secondary liver
tumors (hepatocellular carcinoma, cholangiocarcinoma, colorectal cancer metastases). *°Y-SIRT
efficacy is mainly related to a dose-response threshold, but tumor characteristics such as heterogeneity
can potentially affect treatment response. These features are only partially reflected by pre-SIRT
structural imaging (diagnostic CT) and further insights might be provided by pre-/post-procedural
Nuclear Medicine imaging with SPECT/CT and PET/CT respectively.

In order to investigate the feasibility of developing predictive imaging biomarkers of therapy response
for individual patients based on SPECT/CT and PET/CT imaging, a study was conducted on the use
pre- and post-procedural SPECT and PET radiomic features for the prediction of response to selective
internal radiation therapy (SIRT) for hepatocellular carcinoma (HCC).

The use of radiomics texture analysis to predict the response of HCC to transarterial
radioembolization has already been explored with promising results, as shown in this systematic
review and metanalysis by Mirza-Aghazadeh-Attari et al. [75] in which 15 studies were identified, of
which 6 extracted radiomics features from MRI images, 5 from CT imaging, and 4 were based on
PET/CT. Radiomics features showed promising results with a pooled sensitivity and specificity in
predicting complete or partial response of 84% and 87% respectively. However, there was significant
heterogeneity among the studies in terms of patient selection criteria, treatment outcome
quantification and radiomics extraction pipeline.

In order to further investigate this topic, a retrospective study was conducted on consecutive patients
with liver-dominant HCC undergoing SIRT-treatment at the University of Turin (Oct 2014-Sept 2023)
with a clinical follow-up > 1 year. All patients were enrolled for SIRT after local tumor board
evaluation according to clinical history, performance status (ECOG 0-1), liver function and

radiological imaging such as contrast-enhanced computed tomography (ceCT) and/or magnetic
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resonance imaging (MRI) acquired within the previous 2 months. The study was approved by the
Institutional Ethics Committee of A.O.U. Citta della Salute e della Scienza di Torino (2CEI-452; 26
January 2022).

Angiography, *™Tc-MAA imaging and SIRT procedures were performed according to the current
guidelines and manufacturer instructions. Periprocedural imaging was completed by the
administration of 150 MBq of *™Tc-MAA in order to acquire both total body anterior and posterior
planar images and a superior abdomen SPECT (GE Varicam®) or SPECT/CT scan (GE Discovery
NM/CT 670®). Planar and tomographic images were evaluated to assess lung shunt and **"Tc-MAA
distribution: in patients with a good tumor/portal vein thrombosis targeting and without extrahepatic
9mTc-MAA uptake or excessive lung shunt, dosimetric planning based on SPECT/CT images, when
available, was performed using Simplicit90Y® software to calculate the activity of *°Y glass
microspheres to be administered; when only SPECT (no attenuation and scatter corrected) images
were available, the liver volumes required to perform the dosimetric calculation were derived from
diagnostic contrast-enhanced CT. In case of good tumor targeting, without extrahepatic uptake or
excessive lung shunt, during SIRT procedure the microcatheter tip (two in cases of split treatment)
was placed in the same position as during the work-up for the administration of the prescribed *°Y
glass microspheres activity. Post-treatment imaging, used for confirmatory dosimetry, in order to
measure tumor, normal tissue and lung absorbed dose, was usually acquired on with a PET/CT
scanner (Philips Vereos Digital PET/CT®) with 2 bed positions of 15 min each centered on the
superior abdomen.

Target-lesions were segmented on pre/post-procedural SPECT/PET after coregistration with
conventional imaging (CT) using Simplicit9OYTM. The segmentations performed with
Simplicit90YTM software for dosimetric calculation were exported and used for radiomic features
extraction. Radiomic features were extracted with PyRadiomics, using a 95% resegmentation range
for noise removal, a fixed bin-count (n=25) and native isotropic voxels (spacing=4). The following

classes of radiomic features were computed: first order statistics, shape-based, gray level co-
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occurrence matrix, gray level run length matrix, gray level size zone matrix, neighbouring gray tone
difference matrix, gray level dependence matrix. The prognostic value (overall survival-OS and
progression-free survival-PFS) of radiomic features was tested using ROC curve and Kaplan-Meier
analysis with log-rank test (threshold based on Youden-index). Features selection was performed
according to the accuracy at ROC analysis. Lesions progression was evaluated according to RECIST
(Response Evaluation Criteria in Solid Tumors).

46 HCC patients were included (median follow-up of 18 months [IQR 10-39]). 91% (42/46) of
patients had cirrhosis, 37% (17/46) neoplastic portal-vein trombosis. Child-Pugh classification as
follows: AS in 72% (33/46), A6 in 22% (10/46) and B7 in 6% (3/46). Bilirubin levels were > 1.1
mg/dl in 41% (19/46) patients. Pre- and post-procedural SPECT/CT and PET/CT images were
available in 44 and 27 patients respectively.

PET-derived Gray Level Dependence Matrix (GLDM) Large Dependence Low Gray Level Emphasis
(LDLGLE) as measure of textural heterogeneity showed a correlation with target-lesion progression
during follow-up (AUC 0.82), significantly predicting PFS (median PFS 10 months vs not reached,
p=0.006) (Figure 4.5.1 and 4.5.2).

Figure 4.5.1. ROC curve: PET-derived GLDM LDLGLE radiomic feature and target-lesion
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Figure 4.5.2. Kaplan-Meier curve: PET-derived GLDM LDLGLE radiomic feature and progression-

free survival.
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SPECT-derived LDLGLE reached an AUC of 0.68, with a significant impact on PFS distribution
(median PFS 15 months vs not-reached, p=0.031) (Figure 4.5.3).

Figure 4.5.3. Kaplan-Meier curve: SPECT-derived GLDM LDLGLE radiomic feature and

progression-free survival.
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Finally, when considering whole-liver progression, SPECT-derived Gray Level Size Zone (GLSZM)
Large Area High Gray Level Emphasis (LAHGLE) feature showed an AUC of 0.74, possibly related

to the initial disease burden (Figure 4.5.4).
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Figure 4.5.4. ROC curve: SPECT-derived GLSZM LAHGLE radiomic feature and whole-liver

progression.
100 f—
| Sensitivity: 88.0
Specificty: 714
80— Criterion >4518 7649
60 |—
= l
=
£ |
=4
@
& l
40—
20
L7 AUC = 0.737
o P =0.010
[ IR BRI T ! L
0 20 40 60 80 100

100-Specificity
PET textural heterogeneity metric LDLGLE also predicted OS (ROC AUC 0.82; median OS 11

months vs not reached, p=0.005) (Figure 4.5.5). No SPECT features were able to predict OS

(AUC<0.7 1n all cases).

Figure 4.5.5. Kaplan-Meier curve: PET-derived GLDM LDLGLE radiomic feature and overall

survival.
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Overall, the preliminary evidence in HCC patients undergoing SIRT treatment supports a potential
role of SPECT and PET radiomic features in predicting treatment response and PFS, while only PET-
derived features were able to predict OS. However, these findings must be interpreted with caution
due to several limitations of the current study. First, the retrospective design introduces inherent
biases, including potential confounding factors which could affect the generalizability of the results.
Second, the relatively small sample size limits the statistical power of the analyses. Third, the absence
of validation using an external independent cohort restricts the ability to confirm the reproducibility
and robustness of the proposed radiomic features as predictive and prognostic biomarkers. Despite
these limitations, the study underscores the possibility to bridge the gap between molecular imaging
and therapy, by translating imaging data into quantitative features with predictive and prognostic
value.

Future research should focus on addressing these limitations through prospective, multi-center studies
with larger patient cohorts, standardized imaging protocols, and external validation. Moreover, the
integration of multimodal CT/MR radiomic data with clinical, dosimetric, and pre-/post-treatment
molecular imaging will be critical steps toward the development of a robust predictive/prognostic

model capable of guiding personalized therapy in HCC patients undergoing SIRT.

5. Conclusions

In conclusion, the project demonstrated the feasibility of applying Al and ML techniques in Nuclear
Medicine to facilitate the identification of predictive and prognostic factors in oncological and
endocrinological models of disease. Specifically:

- arobust data storage and analysis pipeline was developed, enabling efficient management and
processing of complex datasets, suitable for AI/ML integration;

- the biological correlates of PET/CT tracer distribution in an oncological model of disease
were investigated, confirming the potential of translating molecular imaging data into
reproducible and quantitatively meaningful predictive parameters;

- a reproducible ML-based framework was developed for the automatic and standardized
extraction of quantitative data from PET/CT molecular imaging, which can serve as potential
imaging biomarkers;
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the application of ML models to predict the response to radiometabolic therapy in a tumor
model of disease based on patients’ clinical data was successfully tested;

imaging-based biomarkers (i.e., radiomic features) were effectively integrated as predictors
of treatment response to radiometabolic therapy, bridging the gap between imaging data and
therapeutical applications in Nuclear Medicine, and potentially enhancing the accuracy and

personalization of therapeutic strategies.
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